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General Introduction



Chapter 1

Evolving strategies in potato breeding

Potato (Solanum tuberosum) is one of the most important staple crops globally, contributing
substantially to global food security and agricultural economies (FAO Crops statistics
database: http://faostat.fao.org/). Given its global importance, the ability to rapidly and
precisely breed potato varieties that combine multiple favourable traits has been widely
recognized as a priority. Breeders must integrate as approximately 40 important traits
(Gebhardt 2013; Slater et al. 2016), including various disease resistances, tolerance to
abiotic stresses, yield stability, agronomic and tuber quality traits, making the breeding
process highly complex and resource-intensive.

Conventional potato breeding occurs at the tetraploid level (2n = 4x = 48) to exploit the yield
advantage conferred by larger cell size (Mendiburu and Peloquin 1977). The improvement
of potato varieties primarily relies on clonal selection following the hybrid crosses between
highly heterozygous tetraploid parents, each possessing four sets of 12 chromosomes.
Meiosis in tetraploids involves genetic recombination events, leading to an astronomical
number of possible gamete combinations (Figure 1a). This requires large population sizes
to effectively select for desirable traits (Bradshaw 2007; Ortiz and Mihovilovich 2020).
Despite intensive selection, desirable allele combinations of a superior individual will
disperse during the next meiosis. In this thesis, we use the terms fixed or fixation to indicate
the homozygous state of certain loci, with the purpose that all offspring will consistently
inherit superior parental alleles. Without fixation, it is difficult for breeders to reach the final
ideotype, and the offspring descending from non-inbred parents is highly unpredictable.
Over decades, breeders have prioritized high heterozygosity to enhance yield and hybrid
vigour (heterosis). While this strategy has been beneficial for maintaining genetic diversity,
it has also led to the accumulation of deleterious alleles in tetraploid potatoes. These
unfavourable alleles remain "hidden" within the genome and “re-emerge” in each breeding
cycle, complicating genetic improvement (Bradshaw 2017). Large-scale selection programs
are necessary to achieve a balance between unfavourable and beneficial alleles at different
loci.

Currently, phenotypic selection across clonal generations remains the primary approach for
improving potato. Typically, breeding begins with about 100,000 seedlings from 200-300
crosses, followed by clonal selection over several years (Ghislain and Douches 2020;
Bradshaw 2017). The scale and duration of this process are exemplified by the Teagasc-
IPM Potato Breeding Programme, illustrated in Figure 1b. This programme follows the
widely used "early generation intensive selection" model, which operates within a structured
12-year cycle of trials and selections. It begins with initial crosses in Year 1, raising seedlings
in Year 2, followed by intense selection pressure in Year 3, during the first field stage, where
poor-performing seed tuber-grown genotypes are rapidly discarded. This enables more
focused selection on a reduced subset of promising individuals. As the programme
progresses, selection pressure decreases, while the scale and complexity of evaluations
increase through multi-location and replicated field trials. In addition to this conventional
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General Introduction

breeding pipeline, the programme also incorporates a Rapid Cycle breeding scheme (see
Figure 1b), aimed at accelerating the development of varieties with stacked resistance
genes. This approach is discussed further in the section on genomic-assisted breeding.

Efforts to improve the efficiency and predictability of potato breeding have evolved
significantly over time, reflecting a growing understanding of the crop’s genetic complexity.
One of the earliest proposed strategies was Chase’s analytical breeding approach (1963),
which outlined a three-step process: 1) reducing ploidy, 2) breeding at the diploid level, and
3) re-synthesizing tetraploids. This framework aimed to exploit the simpler genetics of
diploids while ultimately returning to the high-yielding tetraploid level for commercial
cultivation.

A major breakthrough followed in the 1970s-1990s, when Peloquin and colleagues
demonstrated the practical application of unreduced (2n) gametes in potato breeding. Their
work on first division restitution (FDR) 2n gametes showed that approximately 80% of the
diploid genetic complement could be transmitted to tetraploid offspring, preserving
heterozygosity and enhancing the transmission of desirable traits (Hutten et al. 1994;
Kidane-Mariam and Peloquin 1975; Mendiburu and Peloquin 1971; Mendiburu and Peloquin
1977; Ortiz et al. 1991; Werner and Peloquin 1990). Around this time, the International
Potato Center (CIP) attempted to utilize 4x x 2x breeding to develop true potato seed (TPS),
aiming for a higher reproduction rate and to reduce the logistical burden of distributing bulky
seed tubers (Jackson 1987). However, TPS-based systems did not gain widespread
adoption due to limited agronomic knowledge on TPS handling and propagation, as well as
poor uniformity in progenies, which negatively affected agronomic consistency (Clot 2023).

In the early 2000s, Bradshaw et al. (2003) proposed a multi-trait selection scheme to
accelerate recurrent selection in tetraploid breeding. This approach combined mid-parent
values (parental trait averages), early progeny testing, and a selection index covering key
traits such as yield, disease resistance, and processing quality. The scheme shortened the
breeding cycle from nine to three years by eliminating entire progenies from poor parent
combinations early and applying direct trait assessments to the remaining clones. However,
despite its potential to improve both genetic gain and breeding efficiency compared to
traditional clonal selection, commercial programs did not adopt this strategy, likely due to
the continued complexity of tetraploid genetics and the operational demands of
implementing family-based selection schemes.

Although the potential of diploid breeding was recognized as early as the 1950s (Hougas
and Peloquin 1958), it gained renewed attention with the introduction of the F1 hybrid
breeding system (Lindhout et al. 2011). The system relies on developing diploid
homozygous inbred lines that can be crossed to produce vigorous, uniform F1 seed.
However, progress in this area requires to overcome two key biological constraints: self-
incompatibility and inbreeding depression. Self-incompatibility in diploid potatoes, which
prevents self-fertilization, has long been a major obstacle (De Jong and Rowe 1971b; Olsder
and Hermsen 1976; Phumichai and Hosaka 2006). A significant breakthrough came when
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Chapter 1

Hosaka and Hanneman (1998a, 1998b) identified the Sli locus on chromosome 12, which
enables self-compatibility. More recently, Clot et al. (2020) showed that the Sli haplotype is
widespread across both tetraploid and diploid cultivated germplasm, and developed
diagnostic genomic markers that have been rapidly adopted for marker-assisted selection
(Kaiser et al. 2020; Song and Endelman 2023; Sood et al. 2022).

Despite overcoming self-incompatibility, inbreeding depression remains a major limitation.
Selfing exposes recessive deleterious alleles, leading to reduced vigour, poor growth, and
fertility issues such as flower abortion and pollen sterility (Charlesworth and Willis 2009; De
Jong and Rowe 1971b; Hosaka and Sanetomo 2020; Krantz 1924; Krantz 1946; Peterson
et al. 2016; Phumichai and Hosaka 2006; Wu et al. 2023; Zhang et al. 2019). In recent years,
F1 hybrid breeding has gained momentum globally, with several programs focusing on
diploid systems using self-compatible lines (Bradshaw 2022; Hosaka and Sanetomo 2020;
Jansky et al. 2016; Zhang et al. 2022b). In this approach, highly homozygous parental lines
are crossed to produce uniform F1 botanical seed, with the negative effects of inbreeding
mitigated through heterosis (De Jong and Rowe 1971b; Lindhout et al. 2011). However, the
development of fully homozygous inbred lines remains a substantial challenge, and it is still
uncertain whether on average diploid hybrids, even with the advantage of heterosis, can
match the high yield potential of elite tetraploid cultivars.

Clot in his PhD thesis (2023) presented a novel strategy called Fixation-Restitution Breeding
(Fix-Res) (Figure 2). This approach captures many of the benefits of diploid hybrid potato
breeding and avoids its disadvantages, while enabling the results of diploid breeding to be
transferred into the tetraploid background through interploidy crosses. In the first step,
similar to diploid F1 hybrid breeding, the diploid potato is rendered self-compatible by
introgression of the monogenic dominant self-compatibility gene (S/i), allowing inbreeding
and recurrent backcrossing to accumulate and fix beneficial alleles. Selfing is only employed
to reach fixation of beneficial trait alleles, but not necessarily to increase homozygosity.
Unlike traditional diploid F1 hybrid breeding, the diploid potato's ability to produce diploid
gametes through meiotic chromosome restitution mechanisms is utilized in the second step.
This chromosome restitution step combined with the fixation step are the two elementary
features of the Fixation-Restitution breeding scheme. Interploidy crossing between the
diploid and a tetraploid ensure a near complete transfer of the chromosomal content from
the diploid to the tetraploid. This feature is a significant advantage of Fix-Res Breeding, as
it ensures the preservation of beneficial allele combinations from the diploid parent, even if
they are in a heterozygous state. By maintaining higher heterozygosity, Fix-Res integrates
controlled inbreeding at strategic loci while avoiding the loss of vigour and fertility due to
inbreeding.

Potato breeding has long been constrained by its outbreeding nature and tetraploid
complexity, both of which make allele fixation difficult. Even at the diploid level, inbreeding
depression can limit genetic gains by reducing vigour and fertility. While homozygosity is
important for trait stabilization and predictability, complete homozygosity is often unfeasible
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General Introduction

due to the fitness costs of inbreeding. Interestingly, several studies have shown that
maintaining some heterozygosity can actually improve traits such as yield, tuber number,
and reproductive performance (Marand et al. 2019; Peterson et al. 2016; Phumichai and
Hosaka 2006). This creates a trade-off in TPS breeding programs, which must balance the
need for homozygosity with the risk of inbreeding depression. Fixation-Restitution Breeding
offers a way to navigate this trade-off by enabling allele fixation at selected loci while
preserving heterozygosity elsewhere, unlike traditional F1 hybrid models that rely on fully
homozygous inbred lines.

a) b) Seedling numbers

100-200 pair crosses

Parent 1 Parent 2 100,000
S o * El2xpl2 gamete 75,000
combinations DT
* Huge population ;00
» sizes required for »
X effective selection 70

* Beneficial allele 20

combinations will
1-2 new
varieties

disperse

Figure 1. a) A chromosome diagram illustrating the meiotic outcomes of a cross between two highly
heterozygous tetraploid parents. Each parent contributes four homologous chromosomes, with coloured
segments representing different alleles or loci. Due to tetrasomic inheritance, meiosis in tetraploids produces
an enormous number of potential gamete combinations. This extreme genetic variability necessitates large
population sizes for effective selection, as recombination frequently disrupts favourable allele combinations,
complicating the fixation of desirable traits. b) A schematic overview of the Teagasc/IPM Potato Breeding
Programme, showing the progression from initial pair-crosses to advanced multi-location trials over an
approximately 12-year cycle. The green triangle illustrates how the number of cultivar candidates narrows as
selection advances. In addition to this conventional pipeline, the programme includes a Rapid Cycle scheme,
in which progeny with stacked resistance (R) genes are identified early and recycled as parents to accelerate
the accumulation of favourable traits. This integration of early-generation selection and rapid cycling shortens
the breeding timeline while increasing genetic gain (adapted form Griffin et al. 2022).

13



Chapter 1

‘Buipaaiq pajsisse-ojwoush pJemo; YIys oy "UoiN}IISal [elOSOWOoIYD
BIA |8/9] piojdel)a) oy} 0} palisjsuel) Usy) SI JusjLOI djausb pajquuasse ay) pue ‘@ouejLayul piojde}s) Jo saljixa|dwod sy} awoaI8A0 0} [9A8] plojdip 8y} je pawiiopad
aJe sjiel) Aay Jo uoissaibolyul pue uonexy sy ‘Abejelis Sy} Uj "UOIOBI8S [BUOJD pue ‘s8ssoto Apiojdisiul pue piojdip ‘uoisseiboul ‘Buipesiq-aid jejusied Buipnjoul
‘awsyas bulpasiq ayj jo seseyd Asy sauino ainby sy *(£z0z) 101D wouy pajdepe ‘ojejod ui Absjelis buipasiq (Sey-Xi-) UonNSay-uoHeXIH 8y} JO MBINIBAQ Z 84nbi

Ayauen auo|o plojdesal "plojdip 3y} Wolj Juspuoo
[ewosowolyd passaibonul yum punoibyoeq piojdens) sy

B H [ wol} ssfa|e sjqensap Buiuiquos ‘AisueA |euly sy} dojsasp
0} pasn si Auaboud piojdes}a) ay} jo uoiyda|as [BUO|D

II1
[T
L1

= piojdes}sy
uol}o3|es [BUO[D ‘punolBydeq piojdens; e ojul

Jusjuod |ewosowoiys piojdip ayj jo Jajsuel} s1a|dwod
H Buimo|e ‘(41) elews) piojdesial e yum sassold Aplojdisiul
% snobAzoisjaH IS 'dug ul jusied sjew ay} se pash sl (dH) Joyuaboid pughy sy

= PxXged] X +eqqH
= f

piojdip uonosss [euo|

—

111
111
$9SS019
Apiojdiajul

(qug) uononpoid uajod paonpalun
1o} 11D 1oaye-1o[ew SUO }SEI)| JB X1} 0} UOI3[3S

S35S0.42
piojdig

|euojo saobiapun yoiym ‘(4H) Jonuabouid pughy e sjeain
% 0} pass0.40 ale (,dY) spusied juaunoal pascidwi om]

IS ‘'dug X /IS 'dug

+q +E 3 5

dd dd o3 Jouop 3y} wou) sa|9||e S|gelisapun
L X9 | 4x08 m,m abind o1 Buissoio yoeq Aq pamo||o} ‘sa|3||e 3|gen|eA
A ssaliBoujul 0} () siouop yum passold ale (dy) siualed
IS ‘'duz IS 'duz @ w. juauinoal ‘sseyd Buipaaiq uoissalboliul sy Buling

*d x add *d X edd

(gug) uononpoud
us|jod peonpalun yym pajeloosse 190 ZUfiS 10 LS
uoios|as snofifzoiapy (dy) siuased yusundai (S) a|quedwo? jjas

sjualed jusiinoay

Buipaaig-aid
[ejuaied

14



General Introduction

The increasing complexity of modern breeding objectives, such as disease resistance,
climate adaptation, tuber quality, and market-specific demands, has prompted the need for
more predictive and efficient breeding strategies. One such strategy is the Breeding by
Design approach, proposed by Peleman and Rouppe van der Voort (2003), which envisions
a system in which favourable alleles across the genome are identified, tracked, and
systematically combined into elite genotypes. The Breeding by Design concept provided a
strategic framework for integrating genomic tools—such as molecular markers and
association mapping, into breeding pipelines, building on decades of earlier marker
development.

Markers in potato breeding

At the core of this framework is the use of molecular markers to accelerate genetic gain and
improve selection accuracy. These tools enable breeders to make informed decisions early
in the breeding cycle, before traits can be reliably evaluated in the field—when population
sizes are large and seed tubers are limited.

Modern breeding programs increasingly incorporate genomic tools such as Genome-Wide
Association Studies (GWAS), Marker-Assisted Selection (MAS) and Genomic Selection
(GS), as part of design-based strategies. While several methods exist to identify trait-
associated loci, including classical QTL mapping in biparental populations, GWAS has
become particularly useful for exploring marker—trait associations in genetically diverse
panels. These studies detect quantitative trait loci (QTL) and their linked markers, which
serve as candidates for MAS. In MAS, breeders use validated markers to screen seedlings
for specific favourable alleles using tools such as KASP or PCR-based Single Nucleotide
Polymorphism (SNP) genotyping.

MAS is particularly effective when targeting major-effect QTL, for example, disease
resistance (Gebhardt et al. 1993) or tuber shape (van Eck et al. 1994a). However, it
becomes less useful for polygenic traits, where many small-effect loci contribute to overall
performance. This is where Genomic Selection (GS) becomes essential. It is a form of MAS
in which genetic markers spread across the whole genome are used to predict breeding
values of individuals for the purpose of ranking selection candidates (Goddard and Hayes
2007; Heffner et al. 2009; Meuwissen et al. 2001). Unlike GWAS, which identifies specific
QTLs, GS captures the combined effects of many loci, making it particularly effective for
polygenic traits influenced by multiple small-effect genes. By incorporating genome-wide
markers in the Genomic Prediction (GP) model, to estimate Genomic Estimated Breeding
Values (GEBVs). These predictions allow breeders to rank and select individuals based on
their expected performance, even before field trials begin (Slater et al. 2014). This approach
is better suited for complex and low-heritability traits (Goddard and Hayes 2007; Heffner et
al. 2009).

The key features and applications of GWAS, MAS, and GS are summarized in Table 1.
Incorporating genomic tools like MAS and GS into breeding programs enhances selection
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Chapter 1

efficiency, shortens the breeding cycle, and allows for better resource allocation by focusing
efforts on the most promising candidates earlier in the process (Bradshaw 2017). This kind
of targeted selection is already being applied in breeding programs like Teagasc-IPM, where
a Rapid Cycle scheme leverages MAS to identify and recycle progeny carrying multiple
resistance genes early in the breeding process (Griffin et al. 2022; Figure 1b).

Table 1. Summary of key genomic tools used in potato breeding programs. Genome-Wide Association Studies
(GWAS) identifies marker—trait associations to uncover the genetic basis of target traits. Marker-Assisted
Selection (MAS) uses a limited number of validated markers to select individuals carrying favourable alleles.

Genomic Selection (GS) applies genome-wide markers to predict breeding values for complex traits, enabling
early and efficient selection.

GWAS MAS GS
Purpose Discover marker- Select individuals based Predict breeding values
trait associations on key markers using genome-wide
markers
Markers Genome-wide Few markers/QTL with  All markers, including
Used markers major effects small-effect markers
Application Identifies new QTL  Fast selection of high- Predicts complex trait
& candidate value individuals performance
markers
Best For Research & pre- Simple traits (e.g., Polygenic traits (e.g.,
breeding disease resistance, yield, chipping colour)
tuber shape)
Breeding Provides genetic Selects beneficial Accelerates genetic gain
Impact knowledge alleles in elite lines across breeding cycles

GWAS have been increasingly applied in potato, particularly at the tetraploid level, to identify
loci associated with agronomic traits in breeding-relevant material (Baldwin et al. 2011;
Byrne et al. 2020; D’hoop et al. 2014; D’hoop et al. 2008; Klaassen et al. 2019; Li et al. 2010;
Lindhout et al. 2011; Malosetti et al. 2007; Prodhomme et al. 2020; Rosyara et al. 2016;
Schénhals et al. 2017; Sharma et al. 2018; Urbany et al. 2011; Vos et al. 2022; Zhang et al.
2022a). In contrast, most genetic studies in diploid potato have focused on mapping specific
traits using biparental populations, with relatively few markers and smaller population sizes
(Diaz et al. 2021; Parra-Galindo et al. 2021; Yang et al. 2021). As a result, GWAS studies
in diploid germplasm sets remain limited in both scale and number.

The potential of GS to address the complexities of potato breeding has generated growing
interest within the breeding community. A number of studies have assessed the
performance of various statistical and machine learning methods for predicting GEBVs
across a wide range of traits (Aalborg and Nielsen 2024; Aalborg et al. 2024; Byrne et al.
2020; Ortiz et al. 2022; Ortiz et al. 2023; Pandey et al. 2023; Selga et al. 2021a; Slater et al.
2016; Stich and Van Inghelandt 2018; Sverrisdottir et al. 2017; Sverrisdéttir et al. 2018;
Wilson et al. 2021). By enabling the prediction of untested genotypes based on genomic
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General Introduction

profiles, GS improves selection accuracy and accelerates the development of superior
potato varieties.

Evolution of marker systems

The introduction of molecular markers revolutionized plant breeding by enabling genetic
diversity analysis, trait mapping, and selection efficiency. In potato, early marker systems
included Restriction Fragment Length Polymorphism (RFLP) for genetic mapping
(Bonierbale et al. 1988b; Gebhardt et al. 1993; Gebhardt et al. 1991; van Eck et al. 1994b),
Simple Sequence Repeat (SSR) markers, also known as microsatellites, for high-resolution
diversity studies (Milbourne et al. 1998; D’hoop et al. 2014; Ghislain et al. 2004), and
Random Amplified Polymorphic DNA (RAPD) for genome-wide fragment analysis (Baird et
al. 1992; Demeke et al. 1996). Amplified Fragment Length Polymorphism (AFLP) improved
upon RAPD by enhancing resolution and reproducibility (van Os et al. 2006; Vos et al. 1995),
while High-Resolution Melting (HRM) analysis later emerged as a cost-effective genotyping
method (Villano et al. 2015). Despite their contributions and their role in laying the foundation
for modern genomics, these methods were limited by low genome coverage, poor scalability,
and high costs, reducing their feasibility for large-scale breeding programs.

Kompetitive Allele Specific PCR (KASP) is a simplified fluorescence-based methodology to
genotype specific polymorphisms or INDELS (https://excellenceinbreeding.org/) (Lindhout
et al. 2011), and is widely adopted as an effective diagnostic tool in potato breeding (Sood
et al. 2022; Meade et al. 2020b; Prodhomme et al. 2020; Clot et al. 2020; Sorensen et al.
2023; Asano and Endelman 2024). However, while KASP assays offer a cost-effective
solution for targeted marker genotyping, they lack genome-wide coverage and are not
optimal for broader applications in genomic selection.

The post-genome era has seen the rapid expansion of high-throughput genotyping
technologies, enabling breeders to analyse thousands of markers simultaneously. SNP
arrays have become a widely used tool in genomic-assisted breeding, providing high-density
genome-wide marker coverage. SNPs are co-dominant markers that are abundant,
widespread across the genome, and exhibit a high degree of polymorphism (Uitdewilligen
et al. 2013). In potato, the Infinium SNP array has been the main genotyping tool for potato
genetics, starting with 8,303 markers and expanding to a 12K version (Hamilton et al. 2011;
Felcher et al. 2012). Later versions included the 22K V3 array, incorporating SNPs from 83
tetraploid varieties (Uitdewilligen et al. 2013; Vos et al. 2015), and the 31K V4 array, further
increasing marker coverage (Sharma and Bryan 2017). While SNP arrays offer high-
throughput genotyping, they require prior sequence information, have a high setup cost, and
demand advanced technical expertise. Additionally, the reliance on predefined SNPs can
introduce ascertainment bias (Vos et al. 2015). SNP arrays are limited to bi-allelic variants,
which can reduce the ability to fully capture the genetic diversity present in highly
heterozygous species like potato. SNP array-based platforms are only cost-effective for
large sample sizes, making them primarily accessible to large commercial breeding
programs or through sample pooling within international consortia.
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Genotyping-by-Sequencing (GBS) emerged as a flexible and affordable alternative, allowing
simultaneous SNP discovery and genotyping. It reduces genome complexity using
restriction enzymes and is compatible with diverse germplasm without prior marker
development (Elshire et al. 2011). GBS has been successfully applied in multiple potato
studies for trait mapping and genomic prediction (Byrne et al. 2020; Sverrisdottir et al. 2017;
Wilson et al. 2021; Wang et al. 2021; Bastien et al. 2018; D’hoop et al. 2008; Kloosterman
et al. 2013; Lindqvist-Kreuze et al. 2014; Rosyara et al. 2016; Schonhals et al. 2016; Sharma
et al. 2018; van Eck et al. 2017). However, GBS with restriction enzymes is covered by a
patent (http://www.google.com/patents/lUS8815512) and the cost of GBS, when
commercially sourced, ranges from 50 to 100 euros per sample, depending on sample
numbers and coverage (Byrne et al., unpublished data). GBS with restriction enzymes is
also prone to low read-depth and missing data complicating downstream bioinformatics.

While SNP arrays, GBS, and KASP have significantly advanced genomic-assisted breeding,
they also present limitations in cost, scalability, and marker resolution. Large-scale breeding
programs often require thousands of samples to be genotyped annually, making affordability
and high-throughput efficiency crucial factors in selecting a genotyping platform.
Additionally, SNP arrays are often affected by ascertainment bias due to their required
development phase (Vos et al. 2015). To address these challenges, multiplexed amplicon-
based genotyping approaches have been developed to provide cost-effective and scalable
alternatives, allowing for targeted SNP analysis without requiring whole-genome
sequencing.

Toward affordable and scalable genotyping solutions

Recently, several groups have developed targeted genotyping-by-sequencing (GBS)
approaches based on multiplex amplicon sequencing. These methods allow for the
simultaneous amplification and sequencing of multiple specific genomic regions in a PCR
reaction, significantly enhancing efficiency and cost-effectiveness. They enable the
detection of multiple SNPs or other genetic variations across the genome without requiring
whole-genome sequencing.

One such technology is DArTag, a targeted genotyping platform developed by Diversity
Arrays Technology (DArT) (Jaccoud et al. 2001). DArTag employs molecular inversion
probes (MIPs) to provide cost-effective, high-throughput SNP analysis across various
polyploid crops, including strawberry (Hardigan et al. 2023), alfalfa (Medina et al. 2025),
blueberry (Zhao et al. 2024b), sweet potato (Zhao et al. 2024a), and potato (Endelman et
al. 2024). This platform facilitates genomic studies and breeding programs by offering mid-
density marker panels tailored to the genomic characteristics of each species. In potato,
DArTag markers were selected from the potato Infinium array, with the V1 version including
2.5K markers and the V2 expanding to 4K markers covering additional resistance and trait
loci. With a cost of 12-17 USD per sample (depending on multiplexing levels,
(https://excellenceinbreeding.org/). A similar system, Solseq amplicon sequencing, has
been developed at Wageningen University. This method, based on 2,880 amplicons of pre-
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defined SNP array, also offers a potential cost-effective tool for genomic-assisted breeding
at a cost of 12 euros per sample excluding DNA isolation and data processing (personal
communication dr. H.J. van Eck, Plant Breeding, WUR).

Another commercially available targeted GBS platform is Flex-Seq, developed by LGC
(https://www.biosearchtech.com/flex-seq). Flex-Seq utilizes a multiplex PCR approach to
selectively amplify a predefined set of SNP loci, ensuring high reproducibility and accurate
allele dosage estimation. The process involves two steps: an initial PCR to amplify target
genomic regions, followed by a second PCR that adds sequencing adapters and sample
barcodes for multiplexing. LGC Biosearch Technologies offers a pre-designed 22K Flex-Seq
loci panel specifically for potatoes.

Although DArTag, Flex-Seq, and Solseq provide cost-effective amplicon-based genotyping
solutions, they are still dependent on pre-selected SNP arrays, expanding the SNP target
set in these platforms requires additional research, development, and associated costs,
which may limit their scalability for broader breeding applications.

Capture-seq is a hybridization-based targeted sequencing approach that enriches specific
genomic regions before sequencing, improving genotyping efficiency and variant detection.
Unlike SNP array-based approaches, Capture-Seq flexibly targets SNPs, genes, and QTLs
and is adaptable, making it valuable for breeding activities. It has been used in a GWAS
study in potato (Angelin-Bonnet et al. 2023). Panels are designed and it is commercially
available for other crops but not yet for potato (https://www.biosearchtech.com/capture-seq).

In wheat, MRASeq (Multiplex Restriction Amplicon Sequencing) was developed as a high-
throughput genotyping method that reduces genome complexity by selectively amplifying
genomic regions flanked by restriction enzyme sites. This approach utilizes a two-step PCR-
based protocol: the first step involves restriction enzyme digestion and targeted
amplification, followed by a second PCR that adds sequencing primers and sample
barcodes for multiplexing. Unlike SNP arrays, MRASeq is an NGS-based genotyping
method that identifies SNPs and genetic markers through targeted PCR amplification of
genomic regions flanked by restriction sites. The cost of MRASeq is approximately 8 euros
per sample (excluding bioinformatics and labour costs) (Bernardo et al. 2020).
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Chapter 1

Beyond bi-allelic SNPs: The potential of multi-allelic haplotypes

Genetic improvement in potato has traditionally relied on SNP-based analysis. In potato,
large portions of the genome exhibit high heterozygosity and a high SNP density
(Uitdewilligen et al. 2013). However, because SNPs are primarily bi-allelic, they often fail to
capture the full complexity of allelic variation, particularly in the highly heterozygous and
polyploid genome of crops like potato, where multiple alleles at a single locus interact to
influence phenotypic traits. Haplotypes, defined as contiguous sets of genetic variants
(SNPs, indels, or structural variants) inherited together from a single parent, offer a more
comprehensive view of genetic variation (Figure 3). Since recombination does not occur
randomly across the genome, haplotypes provide more meaningful genetic information than
individual SNPs, better reflecting the true inheritance of genetic variation (Meuwissen et al.
2014). While SNPs are typically selected based on moderate to high minor allele frequency
(MAF), meaning they primarily represent older mutations, new mutations that are often
present at low frequencies may be lost before reaching detectable levels in a population
(Meuwissen et al. 2014). Haplotypes offer greater discriminatory power in quantitative
genetics because they are assumed to be in stronger linkage disequilibrium (LD) with QTL
than individual SNP alleles (Calus et al. 2008; Hess et al. 2017; Meuwissen et al. 2014). As
a result, haplotypes have the potential to serve as more effective markers for MAS and GS
in genetic studies and breeding applications.

Crop Germplasm Individual Sequences Haplotypes

CGGATCCTGGCGCATG
High-throughput | CGGGTCCTGGCTCAAG
_|ceeatccTeacacate | Hemobpe g?;
Sequencing |CGG/TCCTGGC CA"G
CGGGTCCTGGCTCAAG
CGGGTCCTGGCTCAAG

identification

SNPs A/G GIT AMT

Figure 3. A demonstration of how resequencing crop germplasm enables the identification of polymorphic
SNPs, which are subsequently used to develop multi-allelic haplotypes (Bhat et al. 2021)

Haplotypes can be categorized as long or short, each offering distinct advantages in genetic
studies. In animal breeding, haplotypes are typically constructed using large SNP arrays
and inferred statistically by phasing SNPs based on known parental inheritance. These
methods can result in long haplotypes, sometimes spanning entire chromosomes, and are
implemented with software such as BEAGLE (Browning and Browning 2009). Long
haplotypes tend to remain intact over multiple generations due to selection pressures that
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preserve beneficial allele combinations. Some studies suggest that breeders retain longer
haplotype blocks than expected by chance (Fradgley et al. 2019), likely due to selection
against recombinants that break apart co-adapted or beneficial allele combinations (Brinton
et al. 2020). These long-range haplotypes, often referred to as "founder haplotypes" (Scott
et al. 2021), can be useful for tracking recombination events and identifying ancestral
genetic contributions in breeding programs. However, long haplotypes tend to be rarer in a
population, which can reduce statistical power in association studies.

Short haplotypes, in contrast, represent smaller genomic blocks that are more frequently
reshuffled by recombination (Brinton et al. 2020). These short multi-allelic genomic variants
are often more informative for fine-mapping studies, as they provide higher resolution when
identifying causal variants linked to traits of interest (Difabachew et al. 2023; Jiang et al.
2018; Lu et al. 2011; Sallam et al. 2020). While research on haplotype applications in plant
breeding remains limited, several studies have demonstrated their potential as multi-allelic
markers in GWAS and GS across various crops, including canola, maize, wheat, soybean,
ryegrass (Difabachew et al. 2023; Jiang et al. 2018; Lu et al. 2011; Sallam et al. 2020;
Ledesma-Ramirez et al. 2019; Lu et al. 2012; Sehgal et al. 2020; Weber et al. 2023; Kang
2023). In potato, haplotypes have been used to identify genomic regions associated with
traits such as disease resistance (van Eck et al. 2017) and protein content (Kloosterman et
al. 2013). Thérése Navarro et al. (2022) developed a software, mpQTL, for QTL analysis at
any ploidy level under bi-allelic and multi-allelic models in multiparental populations.
However, the broader application of multi-allelic haplotypes in genetic studies and practical
potato breeding remains largely unexplored. While haplotype-based approaches, including
their use in GWAS and genomic selection, have been proposed, their effectiveness in
breeding programs has yet to be fully tested.

Haplotype construction can be achieved through either statistical phasing or read-backed
haplotyping. Statistical phasing, which involves ordering SNP markers based on consensus
map positions (Jiang et al. 2018; Sallam et al. 2020) or using LD-based statistical methods
(Difabachew et al. 2023) with tools such as BEAGLE (Browning and Browning 2009) and
Haploview (Barrett et al. 2005). However, these approaches face challenges, particularly
when marker density is low or in low-coverage sequencing scenarios (Schaumont et al.
2022). Phasing multi-allelic haplotypes in tetraploid, highly heterozygous potato is especially
challenging due to the presence of four homologous chromosome copies, leading to allele
dosage ambiguity, complex recombination patterns, and higher phasing error rates
compared to diploids, where bi-allelic variants represent only two haplotype alleles of the
genome. In contrast, read-backed haplotyping, constructs haplotypes directly from
sequencing reads rather than relying on computational inference or predefined SNPs. This
approach provides a more direct and reliable way to infer haplotypes from sequencing data,
reducing errors associated with statistical phasing (Schaumont et al., 2022).
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Chapter 1

Scope and outline of the thesis

This work was conducted as part of the DIFFUGAT project (https://diffugat.eu/), which
focuses on the development of Fix-Res breeding. A key aspect of Fix-Res breeding is the
requirement for repeated rounds of self-fertilization and selection to develop recurrent
parents that have undergone purging of lethal and excessively deleterious alleles.
Additionally, during the deployment phase of Fix-Res breeding, efficient selection for
numerous beneficial alleles related to disease resistance, abiotic stress tolerance, and tuber
quality is required. Following introgression of these traits, recurrent backcrossing and
selection further refine the genetic composition of elite lines. Thus, there is a strong need
for an affordable, high-resolution genotyping system that balances costs, accuracy, and
scalability for modern potato breeding applications, and particularly in development of
recurrent parents for fix-res breeding.

This thesis focuses on the development, application and evaluation of a cost-effective
genotyping platform, that leverages haplotype-based information while minimizing
ascertainment bias and increasing marker flexibility to enhance genetic studies for different
traits including quantitative ones and improve breeding efficiency in potato. The research
explores the utility of haplotype-based marker analysis in key areas such as genome-wide
association studies (GWAS), inbreeding tracking, and genomic prediction (GP) to support
modern breeding strategies, particularly in the context of Fix-Res breeding.

In Chapter 2, we introduce PotatoMASH (Potato Multi-Allele Scanning Haplotags), a novel
low-cost genome-scanning marker platform designed for cost-efficient, high-throughput
genotyping. We developed a panel of 339 multi-allelic regions spaced at 1 Mb intervals
throughout the euchromatic portion of the genome, genotyped using a multiplex amplicon
sequencing approach followed by deep NGS sequencing (2x150bp lllumina sequencing).
This system enables large-scale genotyping at a cost of 5 EUR per sample (excluding labour
and overhead costs). In conjunction with Stack Mapping Anchor Points (SMAP) software for
read-backed haplotyping, PotatoMASH generates two types of markers, SNPs and short-
read multi-allelic haplotypes (haplotags) based on these SNPs. This chapter describes the
development and optimization of the platform, detailing marker selection, sequencing
protocols, and bioinformatics processing to generate the two marker sets. We applied
PotatoMASH to a population of over 700 potato lines, generating 2279 SNPs and 2012
haplotags across 334 loci, with haplotype diversity ranging from 2 to 14 haplotypes per
locus. The platform was successfully used for diverse applications, including diagnosing
pest-resistance markers, constructing genetic maps, and tracking genetic variation in a
diploid segregating population. Furthermore, a GWAS for fry colour in a tetraploid potato
population using SNPs and SNP-based haplotags revealed that, while the PotatoMASH
SNP set failed to detect any QTL, the haplotag set successfully identified the same QTL as
a previous GWAS using 43.6K GBS-derived SNP markers. This result suggests that
haplotags may offer superior discriminatory power for QTL detection in genome-wide
association studies.
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In Chapter 3, we used PotatoMASH to genotype a large panel of diploid clones that served
as the foundation of Fix-Res breeding. This diploid panel was phenotyped for 23 agronomic
and quality traits over three years as part of a large scale collaborative effort across breeding
programmes. We performed GWAS to identify QTL for all traits, utilizing both SNPs and
short-read haplotypes (haplotags) based on combinations of those SNPs, derived from read-
backed phasing. This enabled us to identify a total of 37 unique QTL across both marker
types. Although we initially hypothesized that haplotags may offer better discriminatory
power than SNPs for QTL detection in GWAS, interestingly, the haplotags did not
consistently outperform bi-allelic SNPs in QTL detection for all traits. A core of 10 QTL were
detected with both SNPs and haplotags. Haplotags enabled the detection of 14 additional
QTL not found using SNPs, while the bi-allelic SNP set identified 13 QTL that were not
detectable with haplotags. These findings suggest that both marker types should be
routinely used in parallel to maximize QTL detection power. We report 19 novel QTL for nine
traits: Skin Smoothness, Sprout Dormancy, Total Tuber Number, Tuber Length, Yield,
Chipping Colour, After-cooking Blackening, Cooking Type and Eye depth.

In Chapter 4, we used PotatoMASH for tracking homozygosity in diploid breeding. Utilising
a collection of 271 inbred diploid clones from the Wageningen diploid breeding program, we
obtain a "snapshot" of the genetic composition shaped by over 40 years of breeding efforts.
Furthermore, we examine a self-compatible individual lineage of three generations of
inbreeding from the program to identify key hotspots of heterozygosity across
chromosomes. We assess the effectiveness of PotatoMASH-derived haplotags in
evaluating genome-wide homozygosity changes and inferring selfing rates in the breeding
materials by comparing the resolution of haplotags versus SNPs. A major focus of this study
is the identification and characterization of residual heterozygosity (RH) regions, which
provides crucial insights into selection pressure and genetic stability in breeding programs.
Assessing the patterns of allele fixation and heterozygosity across three generations of
selfing, we observed average homozygosity levels of 82-83.4% for Identity-by-State (IBS)
and 72.6-74.8% for Identity-by-Descent (IBD) in S3 progenies, which were lower than
anticipated. Hotspots of heterozygosity were detected across all chromosomes, with
chromosome 5 remains entirely heterozygous after three generation of selfing and
chromosome 11 reaching full homozygosity in one S3 progeny. We discuss how luck of
allele fixation on chromosome 5 may be associated with reproductive-related QTL and
genes that favour the heterozygous state due to potentially deleterious alleles.

In Chapter 5, we assess the effectiveness of haplotags in genomic prediction (GP). This
chapter evaluates the predictive accuracy (PA) of haplotags in genomic selection models,
comparing their performance with SNP-based approach. In a tetraploid population, we
compared the PA of PotatoMASH data with that of GBS data, specifically for the complex
trait fry colour. The results showed that by using only the markers generated by PotatoMASH
(2,236 SNPs compared to 43.6k SNPs generated by GBS), the PA was moderately reduced
by 14% when using SNPs, and only 9% by using the 2,000-3,390 haplotags, making
PotatoMASH a cost-effective solution for large-scale breeding programs. We also tested
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PotatoMASH performance across 23 agronomic, quality, and morphological traits in a diploid
panel, with PA ranging from medium to high (0.29-0.81). Haplotags enhanced PA for 11
traits compared to SNPs of the same data. In contrast, GP based on individual SNPs
performed better for other six traits. In this chapter, we also explored an alternative
haplotyping approach that can potentially capture more genetic diversity, using SMAP
software, we compared two haplotype-calling approaches: One based on variants at pre-
called SNP locations on the haplotag (haplotype-sites) that we have used in the previous
chapters and a new module of direct read-mapping method (haplotype-window). PA with the
haplotags derived from haplotype-window outperform in 6 traits compared to the haplotags
derived from haplotype-site.

In Chapter 6, | reflect on the main findings of this thesis and discuss how PotatoMASH can
support key decisions within the Fix-Res framework and in broader efforts toward Breeding
by Design in potato. | compare its performance to other genotyping platforms, examine its
current limitations, and outline practical next steps to improve its accessibility and impact in
routine breeding applications.
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Chapter 2

Abstract

We have developed PotatoMASH (Potato Multi-Allele Scanning Haplotags), a novel low-
cost, genome-scanning marker platform. We designed a panel of 339 multi-allelic regions
placed at 1 Mb intervals throughout the euchromatic portion of the genome. These regions
were assayed using a multiplex amplicon sequencing approach, which allows for genotyping
hundreds of plants at a cost of 5 EUR/sample. We applied PotatoMASH to a population of
over 700 potato lines. We obtained tetraploid dosage calls for 2012 short multi-allelic
haplotypes in 334 loci, which ranged from 2 to 14 different haplotypes per locus. The system
was able to diagnose the presence of targeted pest-resistance markers, to detect
quantitative trait loci (QTLs) by genome-wide association studies (GWAS) in a tetraploid
population, and to track variation in a diploid segregating population. PotatoMASH efficiently
surveys genetic variation throughout the potato genome and can be implemented as a single
low-cost genotyping platform that will allow the routine and simultaneous application of
marker-assisted selection (MAS) and other genotyping applications in commercial potato
breeding programmes.
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Introduction

Numerous applications in plant genetics, genomics, and breeding are based on genome-
wide marker analysis, and although genotyping costs have dropped considerably over the
recent years, they are still one of the major barriers in applications requiring the generation
of genome-wide marker data for large numbers of samples. Applications such as genome-
wide association studies (GWAS), genomic selection (GS), and marker-assisted selection
(MAS) routinely involve sample sets in the thousands, and breeding applications have the
additional cost burden of iterative application to potentially thousands of genotypes over
generations. Even smaller-scale applications, such as genetic mapping in bi-parental
populations at low-to-medium resolution, for gene and QTL discovery purposes benefit from
a lower cost base, and there are numerous advantages in terms of the cross-study
comparability of utilising the same platform for higher- and lower-throughput experiments.

We decided to explore the potential for developing a single, highly economical, yet
reasonably powerful approach to genome-wide genotyping that could be applied broadly to
all of the above applications, adopting a design-criterion-guided approach to create such a
platform. The goal of this study was to utilise the information and criteria described below to
design an extremely cost-effective, genome-wide genotyping system in potato. At the outset,
we set a cost per assay benchmark of approximately EUR 5 per sample (excluding labour
costs), with the goal that the assay should be technically feasible to carry out in a standardly
equipped molecular biology laboratory setting. The process should be applicable to a
dynamic range of samples from hundreds to the low-thousands with a low requirement for
automation. The assay should have a core set of loci that enable the “scanning” of genetic
variation across the genome at a density that is likely to be able to detect variants underlying
phenotypic characteristics measured in a population. In addition, it should be expandable,
and specific loci of interest to the user should be easily added to the platform.

Numerous genotyping systems have been applied to potato: all have advantageous design
features for different situations, but none possess all of the above features. “Predesigned”
systems such as arrays have the advantage of offering the user easy access to a
community-wide SNP set, including relatively easy data capture pipelines. Problems with
ascertainment bias experienced in arrays can be addressed by utilising a sufficiently broad
germplasm set at the design phase (Hamilton et al. 2011; Vos et al. 2015). However, arrays
require a separate SNP discovery phase and survey a fixed set of polymorphisms, making
them less adaptable. Genotyping-by-sequencing (GBS) using restriction enzyme-based
genome reduction approaches has also been applied in potato (Byrne et al. 2020;
Sverrisdottir et al. 2017). This approach does not require prior sequence information and is
partially “tunable” in terms of the total number of loci covered. In contrast to the relatively
simple and straightforward library preparation, GBS data analysis is complicated by the
nature of the random location, its reduced-representation approach, it generates a large
proportion of missing data, and it requires several statistical assumptions to be made in
order to call variants (Wickland et al. 2017). Sequence capture-based GBS approaches
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have also proven to be powerful in potato, both to survey variation on a genome-wide level
(Uitdewilligen et al. 2013) or to target specific motifs such as resistance loci (Jupe et al.
2013). These approaches conform to some of the criteria above but tend to be technically
onerous. Costs for all of these approaches exceed the criterion set above, with the exact
price per assay varying on the basis of a large number of variables.

Recently, Campbell et al. (2015) demonstrated the utility of a low-cost, PCR-based,
genome-wide approach called GT-Seq (Genotyping in Thousands by Sequencing) in trout.
This approach seemed to have the potential to embed many of the criteria described above,
one of the most attractive features being the low per-sample cost of USD 5 when library
construction steps are performed by the user. Briefly, GT-Seq uses two thermal cycling
steps for the multiplexed amplification of relatively small panels (50-500) of short loci of 100-
200 bp containing targeted single-nucleotide polymorphisms (SNPs). During this process,
sequencing adapters and dual-barcode sample-specific sequence tags are incorporated into
the amplicons, enabling thousands of individuals to be pooled into a single library to be
sequenced in an lllumina HiSeq Lane. We decided to use the GT-Seq approach as a
platform to develop a low-cost genotyping system, using existing knowledge of the
nucleotide diversity and LD structure in potato.

The density of genetic markers is an important feature in genome-wide marker systems.
Whilst it seems technically feasible to include thousands of loci in the GT-Seq assay
approach, we focused on minimising the number of loci surveyed to reduce cost and with a
view to a greater technical achievability. This begs the question: what is the minimum
number of loci that would provide reasonable genome coverage of potato taking into account
that the most frequent application for molecular markers is gene discovery or tracking of
allelic variants in populations? In potato, it has been found that “useful” levels of LD extend
between 0.6 and 1.5 Mb depending on the population under examination and the LD
criterion used (Sharma et al. 2018; Vos et al. 2017). Significantly, there is also almost no LD
decay observed across the entire span of the pericentromeric heterochromatin, which
accounts for approximately 50% of the genome in potato. Thus, “complete coverage” of the
genome could theoretically be achieved by efficiently surveying variation at ~400 loci evenly
distributed every 1 Mb across the euchromatic portion of the 840 Mb genome (Consortium
2011), so no site could be more than 0.5 Mb from at least one locus. However, SNPs are
almost entirely bi-allelic, and surveying a single SNP locus per megabase will not efficiently
survey the diversity of real haplotypes at any one locus. This problem is especially
pronounced in potato, where large parts of the genome exhibit a high degree of
heterozygosity. For instance, for the recent haplotype-resolved genome sequence of the
diploid line RH89-039-16, the average SNP polymorphism rate between the two haplotype
genomes was estimated at approximately 1 in 50 nucleotides for syntenic regions. When
looking across multiple haplotypes, this rate can actually increase, and polymorphism rates
of between 1/25 and 1/15 were observed for non-coding and coding regions, respectively,
by Uitdewillegen et al. (2013). This high polymorphism rate is reflected by a high level of
allelic or haplotypic diversity in potato germplasm. For example, using a targeted
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resequencing approach, Uitdewillegen et al. (2013) were recently able to identify 16 allelic
variants of the Glucan Water Di-kinase (GWD gene) by aggregating information from 81
SNPs over two regions, totalling 1 kb of the 16.5 kb. Using a variety of nucleotide windows
generally under 1000 kb, it seems that gene haplotype numbers range between 5 and 20 in
potato (Uitdewilligen 2012; Uitdewilligen et al. 2022; Uitdewilligen et al. 2013; Wolters et al.
2010). Thus, whilst in terms of LD structure, the concept of surveying polymorphism at 400
x 1 Mb intervals might make sense, the actual number of relatively evenly distributed bi-
allelic SNPs at which variation is surveyed is likely to have to be at least 10-fold higher in
order to capture the majority of the haplotypes present in any potato germplasm collection.

Interestingly, this high level of nucleotide diversity in potato also suggests a technical
approach to minimising the number of loci to be analysed to achieve good coverage at an
allelic diversity level. An interesting feature of resequencing data data is that the polymorphic
content of individual reads, read pairs, or processed tags can be aggregated into what Tinker
et al. (2016) referred to as “Tag-level haplotypes” or haplotags (Tinker et al. 2016).
Haplotags may contain multiple SNPs, especially in an SNP-dense species such as potato,
and these differing combinations of bi-allelic SNPs over the length of the tag or read
produces an alternative set of genotypes that better reflect the real underlying allelic (or
short-range haplotypic) variation at that locus. Tinker et al. (2016) utilised this concept for
the software package Haplotag, which implements a reference-free approach for capturing
this type of variation from resequencing data data and has subsequently been used in oats
and other species (Baral et al. 2020; Canales et al. 2021; Tinker et al. 2016).

In this manuscript, we describe the development of the PotatoMASH (Potato Multi-Allele
Scanning Haplotags) tool, a GT-Seqg-based genotyping platform designed on the above
principles. The goal of PotatoMASH is to converge low per-sample cost with reasonable
genotyping power across multiple applications for potato breeding and genetics. This
iteration of PotatoMASH is based on surveying SNP variation in NGS reads across 339 loci
spread across the euchromatic portion of the potato genome at 1Mb intervals according to
the DM reference pseudomolecule assembly (Consortium 2011). Because of the availability
of a reference pseudochomosome molecule-scale assembly in potato, we utilised a novel
algorithm called SMAP (Stack Mapping Anchor Points) (Schaumont et al. 2022), which is
designed for stacked NGS reads, including those generated by highly multiplex amplicon
sequencing approaches. In order to test the scalability and adaptability of the system, 10
loci containing diagnostic SNP loci for resistance to pests and pathogens were also included
into the amplicon panel. We tested the ability of PotatoMASH combined with the SMAP
haplotype calling pipeline to reveal short-range allelic diversity at the target loci in a tetraploid
potato population, comprising 765 independent genotypes accumulated from the third field
generation of a commercial potato breeding programme and in a diploid bi-parental mapping
population comprising 92 F1 progeny individuals. In the tetraploid population, we
demonstrated the apparent superior ability of ~2000 haplotag-derived allelic variants to
detect a previously mapped QTL for fry colour (Byrne et al. 2020) relative to the component
bi-allelic SNP variants used to derive these haplotags. In the diploid population, we
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demonstrate the ability of PotatoMASH to generate a contiguous, haplotype-resolved
genetic map of potato. Finally, we discuss the characteristics and potential future utility of
PotatoMASH and similar approaches for potato breeding and genetics.

Materials and Methods

The PotatoMASH primer design process was carried out in 2018 when the DM_v4.04 was
the latest version. For accuracy, we describe the process as performed using that version
throughout the manuscript, facilitating comparisons to the study of Byrne et al. (2020), which
also used that version. We provide the bed file used in this work with PotatoMASH loci
coordinates for DM_v4.04 as Supplementary Materials (File S2). For utility with the current
V6.1 genome, we include in the same file the loci coordinates according to DM_v6.1, which
facilitates the future haplotype analysis with PotatoMASH in DM_v6.1.

PotatoMASH Primers Panel Design

First, we defined the euchromatic portion of the genome to be targeted (Table 1) and set the
boundaries of euchromatin/heterochromatin based on previous knowledge of the genetic
architecture of potato and recombination frequencies (Consortium 2011; Sharma et al. 2013;
Tang et al. 2009).

We mapped WGS re-sequencing data of 75 commercial cultivars (Meade et al. 2020a); 33x
coverage, 5 pools of 15 cultivars) to the Solanum tuberosum genome DM_v4.04 (Hardigan
et al. 2016) using BWAMEM (Li 2013). We used Popoolation software (Kofler et al. 2011) to
calculate the number of SNPs per 500 bp window (minimum coverage 20x and fraction of
allele frequency 0.9). We selected regions of 10-30 SNPs/500 bp window to be explored
with IGV software (Robinson et al. 2011) set to highlight variants with coverage allele-
fraction above 0.05. We looked for regions where (i) SNP density within a window of 90—
120 bp was high, (ii) the combination of SNPs was variable across the 75 potato lines
sequenced, and (iii) this region was flanked by conserved sequence across the 75 potato
lines. Those conserved sequences were targeted for primer design. We extracted the
sequence of the targeted region with samtools faidx and used blastn (Altschul et al. 1990)
to check for sequence similarity with off-target regions (only single-copy regions were
retained). Primer 3 plus (Untergasser et al. 2012) was used for primer design with the
following settings: product size 165-180 nt, primer size 15-(opt.25)-35 nt, Primer Tm 60-
(opt.62)-65 C, 40-(opt.50)-65% GC, and the coordinates of the “Pair OK Region List” (start
and stop of the flanking conserved sequences). Once a primer pair was successfully
designed, we targeted a new region 1 Mb + 0.1 Mb downstream of the previous target. We
designed 10 additional primer pairs, using less stringent criteria, to target some disease-
resistance markers routinely tested in the breeding program by kompetitive allele-specific
PCR (KASP) (He et al. 2014) or retrieved from the literature (Yuan et al. 2020). A summary
of the pipeline employed for primer design is illustrated in Figure 1.
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Table 1. Euchromatic regions targeted by PotatoMASH. Number of core loci targeted for primer design.

Length Core Diagnostic  Total

Chr/arm Start End (Mb) Loci Loci Loci
chr1/1 1 6,236,423 6.2 6
chr1/2 58,566,960 88,663,952 30.1 31
chr2 18,620,376 48,614,681 30.0 31 2
chr3/1 1 5,853,851 5.9 6
chr3/2 37,557,548 62290286 247 25
chr4/1 1 10,893,487 10.9 11 2
chr4/2 50,527,797 72,208,621 21.7 24
chrb/1 1 10,773,566 10.8 12 1
chrb5/2 42,795,302 52,070,158 9.3 11 1
chr6/1 1 6,372,027 6.4 7 1
chr6/2 37,792,178 59,532,096 21.7 22
chr7/1 1 7,298,544 7.3 9
chr7/2 36,698,521 56,760,843 201 21
chr8/1 1 6,899,227 6.9 7
chr8/2 35,611,618 56,938,457 21.3 23
chr9/1 1 9,549,714 9.5 10
chr9/2 44,754,712 61,540,751 16.8 18
chr10/1 1 5,591,854 5.6 6
chr10/2 47,231,005 59,756,223 12,5 14
chr11/1 1 10,117,653 10.1 11 2
chr11/2 35,737,669 45,475,667 9.7 11
chr12/1 1 9,273,808 9.3 11
chr12/2 50,482,591 61,165,649 10.7 12 1
Total 318 Mb 339 10 347
2. Explore regions\
— Specific (IGV) Specific 4. Primer design
1. Select FW primer —————————————_REV primer N (Primer3plus) |
regions = : 3. Select unique I —
(Popoolation) - —— = : ( regions + Primer 18-35 nt (optimum 25 nt) 348
: = —— — N Blastn - Tm60-65°C (optimum62°C) —> primer —>
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Figure 1. Pipeline for PotatoMASH primers design.
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The method to construct multiplex amplicon libraries for lllumina sequencing was based on
the GT-Seq method (Campbell et al. 2015). This method consists of an initial multiplex PCR
with tailed specific primers. The resulting products include the selected regions to be
sequenced flanked by the lllumina sequencing primer tags R1 and R2 (Figure 2). This
product is then used as a template for a second PCR in which the lllumina sequencing
adapters P5 and P7 are incorporated, a unique 6nt i7 barcode to identify the plate a sample
originates from, and a unique 6nt i5 barcode to identify the sample within that plate. In order
to achieve this, once all primers were designed, we added the tag for R1 lllumina sequencing

primer at 50 extreme of each forward primer
(TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGFW primer) and the tag sequence for
R2 lllumina primer at 50 end of each reverse primer

(GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAG-REYV primer). Thus, the primers for
the first PCR ranged from 51-69 nt in length.

Ampliconf 165-180 bp

[ \

P5 i5 FW-P SNP span REV-P R2 i7 P7
28 nt 6nt 18-35nt 95-144nt 18-35nt  34nt  6nt 24nt
EraGAcacccceaCACTTTGAAATCTAGACACC]

Rea@_R1 150nt

‘&
<€

150nt Read_R2

%CT:‘\G/'\C!\CCCCCr"«C/\CTTTG/\r’\,\TCT,\G/‘\C,\CCC;§
Figure 2. PotatoMASH library structure in relation to paired-end 150nt lllumina reads Read_R1 and Read_R2.

To avoid primer interactions and putative secondary products, all designed primers were
tested in silico using primerpooler (Brown et al. 2017) with the following settings: T = 57 -C
(the lowest annealing temperature that will be used), Magnesium (divalent cations) = 3 mM,
AG threshold = -6 , and maximum amplicon length 2000 bp. Primer interactions with a AG
lower than the threshold were replaced, and final primer sets were ordered from Integrated
DNA technologies (IDT, lowa, USA) at 750 uM each. Forward primers for the second PCR
were composed of the lllumina adapter tag, a unique 6nt barcode (i5, up to 96 Truseq/NEB
6 base index), and the first 14 bases of R1 tag (AATGATACGGCGA
CCACCGAGATCTACAC-i5-TCGTCGGCAGCGTC). They were ordered in a 96-well plate
format at a concentration of 100 uM. We also ordered eight i7 reverse primers in tubes at
100 uM for the second tailed PCR. They were composed of the lllumina adapter P7, a unique
6nt barcode (i7, up to 8 Agilent SureSelectXT Custom kit index), and the first 15 bases of
R2 tag (CAAGCAGAAGACGGCATACGAGAT—reverse complementary sequence of i7
index GTCTCGTGGGCTCGG). The number of possible pairwise combinations for this set
of i5 and i7 barcodes is 768 samples but a higher number of samples can be processed with
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additional i7 barcodes. These barcoding primers (i5-primers and i7-primers) were diluted
individually to a working solution of 10 pM.

Each primer pair was tested individually with 40 ng of potato DNA, 25 nM each primer, 3
mM MgCl2, 40 uM each dNTP, high-fidelity Q5 polymerase (NEB M0491L) at 0.02 U/uL and
Q5 enhancer (see below for PCR conditions). The second PCR was performed with the
same mixture without Q5 enhancer but one i5-primer and one i7-primer at 1 yM each. The
PCR products were visualized on 1.2% agarose gels. The expected size of the PCR
products ranged between 297 and 312 bp. Any primer pair with low efficiency or producing
secondary products (around 14 % of primer pairs) were replaced with alternative primers
targeting the same or nearby region. The final selected primer pairs were pooled together
by combining 2.5 pL of each of the 694 primers and diluted by adding 11.104 mL of ddH20
to a working concentration of 125 nM for each primer (250 nM/primer pair). A complete list
of primer sequences used in PotatoMASH is included as Supplementary Materials (File S1).

Genotyping Panel

For this work, we used DNA from a collection of 705 potato lines referred to as the FRY
population previously used in genetic analysis for tuber quality traits (Byrne et al. 2020). We
also extracted DNA from 60 additional potato lines selected from the sixth year of the
Teagasc/IPM breeding programme (TPBP_2020_Y6 ) using a GenElute™ Plant Genomic
DNA Miniprep Kit (Sigma, G2N10, MA, USA). DNA was quantified using a Quant-iT™
PicoGreen® dsDNA Assay Kit (Invitrogen, P7589, MA, USA) and normalized to a
concentration of 20 ng/uL. The 765 lines are referred to as the Extended FRY population.

PotatoMASH Library Construction

Libraries were constructed using a two-step PCR strategy (Figure 3). The cocktail for
amplification of target loci (PCR1) included: 0.1 yL ddH20O, 1.4 pL pooled primer mix 125
nM each primer (final concentration is 25 nM each primer, 50 nM per primer pair), 3.5 pL of
Qiagen Plus multiplex master mix (QPMMM, Qiagen, 206152, Hilden, Germany), and 2 pL
of template DNA (40 ng).

PCR was carried out in a gradient thermocycler in 96-well PCR plates with the following
conditions for PCR1: 95 -C 15 min; 8 cycles x (95 -C 30 s, 0.2 °C/s ramp down to 57 -C
annealing 30 s, 72 -Cmin); 16 cycles x (95 °C 30 s, 65 °C 30 s, 72 -C 30 s); 10 -C hold.
Following PCR1, the amplified samples were diluted 15-fold by adding 100 uL of ddH20
and mixed by pipetting up and down.

PCR2 adds indices that effectively identify each sample by well and by plate. A mix for each
plate was made with 1 uL of 10 uM plate-specific i7-primer and 5 yL of QPMMM, and 6 uL
of this PCR2 cocktail was added to each well. Next, 1 uL of 10 uM well-specific i5-primers
and 3 pL of the diluted PCR1 product were added to the appropriate wells. PCR was
conducted with the following conditions: 95 -C 15 min; 10 cycles x (98 -<C 10 s, 65 -C 30 s,
72 °C 30 s); 72 -C 5 min; 10 -C hold.

37



Chapter 2

Following PCR2, each plate of the libraries was normalized using the SequalPrep™
Normalization Plate Kit, 96-well (Applied Biosystems, A1051001, Waltham, MA, USA). This
kit provides amplicon purification and normalization of PCR product concentration via a
limited binding capacity of the solid-phase coating the walls of the plate wells. Following
normalization, 15 uL of each sample per 96-well plate was pooled into one tube for a total
of 8 tubes. A concentration-purification step was then performed on each of the tubes by
mixing 7.5 mL of binding buffer (PB buffer, Qiagen, 19066) and using QIAquick PCR
Purification Kit (Qiagen, 28104), following the manufacturer instructions. The product was
eluted in 40 pL of elution buffer.

0. Template
DNA 20ng/uL -

1. Tailed multiplex PCR1:

Amplifies 339 loci in each plant and
adds lllumina sequencing tags.

2. Tailed PCR2
Adds unique barcodes for each plant and lllumina
capture adapters.
Arccccco oo cac] ]

Fw-p REV-P R2 P55 FW-p REV-P R2 i7
18-35nt 18-35nt  3ant 28 nt 6nt -35n 18-35nt _ 34nt_ 6nt __ 24nt
YT,

] [

P it 4. Pooling, P ;
3A.Lib lizat| > 5. Size selection > 6. Ampure beads | —y.
[ ey o, Purification and and agarose purification} [ pur’?fication }
o concentration

[AGACACCCCCACACTTTGAAATCTAGACACC]

]
?:fcﬁ”
2y
2y

DDy

{ 3 B. No normalization
- 7. Qubit quantification and Final - 8. Sequencing
Pooling library

Plant 1: CTAGACACCCCCACACTTTGAAATCTAGACACCC haplotype A
Plant 2: CTGGACACGCCCACACTTTGATATCTAGACACCC haplotype B
Plant 3: CTAGACACCCCCACACTTTGAAATCTAGACACCC haplotype A

Plant 4: CTAGACACCCCCACACTTTGAAATCTAGACACCC haplotype A

Figure 3. PotatoMASH library construction.

In contrast with the original GT-Seq protocol (Campbell et al. 2015), we normalized template
DNA concentration at the outset, and we therefore tested the possibility of removing the
library normalization step by sequencing the same sample set with and without library
normalization (Figure 3-step 3B). In that case, we used the original number of cycles
established by GT-Seq authors for PCR1: 95 -C 15 min; 5 cycles x (95 -C 30s, 0.2 -C/s
ramp down to 57 -C annealing 30 s, 72 °C min); 10 cycles x (95°C 305s,65°C 30 s, 72 -C
30 s); 10 -C hold. We pooled 5 L from each well after PCR2, took half volume of the pooled
sublibrary for each plate (240 uL), used 1.2 mL of PB buffer for the concentration-purification
step, and eluted it in 40 uL of elution buffer.

For all products after library normalization (Figure 3-step 3A) or without library normalization
(Figure 3-step 3B), each 40 pL aliquot was run on 1.2% agarose gel. Gel slices containing
the product around 300 bp were purified by using Wizard SV Gel and PCR Clean-Up System
(Promega, A9281, Madison, WI, USA), and the product was eluted in 50 uL of elution buffer.



PotatoMASH

The last purification step was then performed on each of the aliquots by adding and mixing
25 pL (0.5% volume) of AMPure XP magnetic beads (Beckman Coulter, A63881, Brea, CA,
USA). Each tube was then placed on a magnetic rack. The supernatant was transferred to
a fresh tube and mixed with 75 pL (0.6x volume) of magnetic beads and placed in the
magnetic rack. The supernatant was discarded, and the immobilized beads were washed
with 180 L of 85% ethanol. Purified libraries were then eluted with 30 pL of nuclease-free
ddH20 and transferred to fresh 1.5 mL tubes.

Following purification, each of the 8 plate libraries were quantified using a Qubit™ dsDNA
BR Assay Kit (Invitrogen, Q32853, Boston, MA, USA), and equal molecular amounts were
pooled to create the final library for sequencing. The final library containing 765 individuals
was sequenced mixed with 50% PhiX on one lane of Illlumina HisegX instrument by
Novogene (Cambridge, UK) Company Limited to obtain paired-end 2 x 150 nt reads. Fastq
files are available in the BioProject database under BioProject ID PRJNA858449. More
detailed information about how to perform PotatoMASH can be found at
https://doi.org/10.17504 /protocols.io.e6nvw53zdvmk/v1 (accessed on 1 September 2022).

Multiallelic Haplotype Analysis

Fastq files were de-multiplexed, barcodes removed, and read pairs merged using FLASH
(Mago¢ and Salzberg 2011) (min overlap -m 50; Max overlap -M 150). We filtered the
merged reads using the fastx toolkit (Gordon 2010) (minimum base quality (-q30) in 90% of
bases (-p90)). Merged and filtered reads were then mapped to the S. tuberosum genome
v4.04 (Hardigan et al. 2016) with BWA-MEM (Li 2013). Variant calling was performed with
bcftools (Li 2011), using the classic (biallelic) model: bcftools mpileup -Ou -1 —max-depth
8000 -min-MQ 30 -a DP,AD -f potato_dm_v404_all_pm_un.fasta -b bam.list | bcftools call -
cv -Ob -f GQ -o PotatoMASH.bcf. Then we filtered high quality SNPs with vcftools: vcftools
—bcf PotatoMASH.bcf —out PotatoMASH —min-alleles 2 —max-alleles 2 —recode —recode-
INFO-all —-minQ 30 —minDP 6 —maf 0.05 —max-maf 0.95 —remove-filtered-all -maxmissing
0.5. For the Normalized library (Figure 3-step 3A), out of 5348 SNPs identified during SNP
calling, 2236 were filtered based on minimum coverage 6 and min mapping quality 30. For
the non-normalized library (Figure 3-step 3B), we filtered 2279 SNPs out of 5104 sites.
SMAP (Schaumont et al. 2022) haplotype-sites v4.1.1 was run with the following parameters
-read_type merged -partial exclude -no_indels —discrete_calls dosage -
frequency_interval_bounds 12.5 12.5 37.5 37.5 62.5 62.5 87.5 87.5 —dosage_filter 4 —
min_read_count 20 —min_haplotype frequency 5 —min_distinct haplotypes 0. SMAP
haplotype-sites requires the loci coordinates that can be calculated by mapping the primers
(Supplementary Materials File S1) to the genome. We included the bed file for potato
genome DM_v4.04, which was used in this work, and other bed files for different versions
of SMAP and potato genome DM_v6.1 (Supplementary Materials File S2). The output
“haplotypes_discrete_calls_filtered” table (Supplementary Materials File S3) was used for
downstream analysis.
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On the other hand, the allele frequencies for the 10 different diagnostic SNPs were extracted
from the original vcf file before filtering. A minimum of 20 reads was required. Dosage calls
were calculated according to the % of reads representing the alternative allele:

<12.5% = “0"; 212.5-37.5% = “1”; 237.5-62.5% = “2”; 262.5-87.5% = “3”; >87.5% = “4”. In
order to detect the haplotype containing the diagnostic SNP, which dosage calls should be
concordant with the SNP dosage and also to detect putative linked haplotypes in the core
loci, SMAP output was loaded in Microsoft Excel (Microsoft Corporation). The loci containing
the position of each diagnostic SNP and the loci nearby (up to 4 Mb upstream and
downstream) were arranged so the 765 potato lines were shown in rows and the short
multiallelic haplotypes in columns to be sorted by the SNP dosage.

Haplotype-Based GWAS to Identify QTL Associated with Fry Colour

In order to compare the discriminatory power of SNPs versus multiallelic haplotypes, we
performed a GWAS analysis on a subset of 279 lines of the Extended FRY population, for
which QTLs for the trait fry colour had previously been detected using ~40 k GBS-derived
SNP markers (Byrne et al. 2020). Analysis was performed with both the 2279 filtered SNP
set obtained from non-normalized library (Figure 3, step 3B) and the 2012 multiallelic
haplotypes detected by SMAP out of these 2279 SNPs.

The phenotypic data for fry colour ‘off-the-field’ (OTF) were generated in the Teagasc/IPM
breeding program in 2017 (Byrne et al. 2020). GWAS was carried out with the R package
GWASpoly (Rosyara et al. 2016). Haplotypes were treated as ‘Pseudo SNPs’ by effectively
rating each individual haplotype as a biallelic presence absence marker, with presence
indicated by 1, 2, 3, or 4 depending on dosage and absence coded as 0. Each individual
haplotype allele was assigned a different position within the locus region so that GWASpoly
could handle the input file with allele dosage information (Supplementary Materials File S4).

Population structure was controlled using the K model, where the covariance matrix was
calculated using all SNPs, and QQ plots were used to assess if there was sufficient control
of population structure (QQ-Plots in Supplementary Materials Figure S5a). The function
GWASpoly with an additive model was used to test for association at each marker. Instead
of filtering markers based on minor allele frequency, the maximum genotype frequency
option was used (geno.freq = 1-10/279), so haplotypes present in fewer than 10 individuals
were removed. The genome-wide false discovery rate was controlled using Bonferroni
correction (at a significance level of 0.05).

Mapping Population Genotyping and Linkage Map Construction

The diploid potato population FRW19-112 was developed from a cross between the S.
tuberosum clone RH89-039-16 (Zhou et al. 2020) and the breeding clone bearing a S.
microdontum and S. tuberosum ancestry IVP10-281-1 (Meade et al. 2020c). A population
of 92 FRW19-112 plants was grown from true seeds in five-litre pots in an open ground
greenhouse compartment with drip irrigation and a wet pad-and-fan evaporation cooling

40



PotatoMASH

system. Young leaf material from the parental clones and the population was collected in 96
deep-well plates and freeze-dried for 48 hours prior to genomic DNA extraction.

DNAs were extracted with Mag-Bind® Plant DNA DS 96 Kit (Omega-VWR M1130-00,
Philadelphia, USA), quantified, and normalized to 20 ng/uL as described in Section 2.2.
Libraries were constructed as described in Section 2.3 with library normalization (Figure 3,
step 3A). The final library containing 94 individuals was sequenced on an lllumina Novaseq
6000 instrument by Novogene (UK) to obtain paired-end 2 x 150 nt reads.

Fastq files are available in the BioProject database under BioProject ID PRINA858449.

The pipeline to obtain the short multiallelic haplotypes was the same as described in Section
2.4. Out of 1805 SNPs identified during SNP calling, 1289 were filtered based on minimum
coverage 6 and min mapping quality 30. SMAP haplotype-sites v4.1.1 was run with
parameters -read_type merged -partial exclude —discrete_calls dosage -
frequency_interval_bounds 10 10 90 90 -dosage filter 2 —min_read_count 10 -
min_haplotype_frequency 20 —locus_correctness 90. The output
“haplotypes_discrete_calls_filtered” table containing 844 haplotypes was used for
downstream analysis.

Prior to map construction, three F1 clones with more than 10% missing haplotypes were
removed, and ten haplotypes, for which one of the parental dosages was missing, were
imputed based on the observed offspring segregation. The best-fitting segregation model of
each short multiallelic haplotype was identified using the function CheckF1 of polymapR
(Bourke et al. 2018). SMAP haplotypes were further filtered with the removal of 26
haplotypes with missing and unimputable parental dosages of 59 strongly distorted
haplotypes and of 54 non-segregating haplotypes, resulting in 705 retained haplotypes
(Supplementary Materials File S6). Subsequently, 154 haplotypes showing identical
segregation patterns with at least one other haplotype were binned, yielding 551 uniquely
segregating haplotypes and haplotype bins for the linkage map construction.

Chromosomal linkage maps were constructed using polymapR version 1.1.2 following the
package vignette with minor modifications to fit our diploid data. Pairwise estimators for
recombination frequency and their associated LOD scores were determined for all
multiallelic haplotypes and clustered based on their LOD scores. Twelve chromosomal
clusters were identified at a LOD score threshold of 4.5. Cluster numbers were replaced with
DMv4.04 chromosome numbering for consistency with the physical map used during read
alignment. Next, haplotypes were ordered, and an integrated linkage map was created using
MDSmap_from_list, a wrapper function around the estimate.map function from MDSMap
(Preedy and Hackett 2016). During the mapping process, two non-clustering and seven
outlying haplotype bins with a high nearest-neighbour fit score or an abnormal position in
the principal curve analysis were removed. The haplotypes that were binned because of
their identical segregation patterns were then added back to the map, resulting in 690
mapped haplotypes. PolyoriginR version 0.03 (Zheng et al. 2021) was then used to phase
the haplotypes into parental homologs with a recombination rate per chromosome set at
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1.25. The output was converted back into polymapR format to be visualized with the function
plot_phased_maplist.

Results

Potato Multi-Allele Scanning Haplotags (PotatoMASH) as a Genotyping System

We multiplexed, in a single PCR reaction, 339 loci placed at equal spacing throughout the
gene-rich portion of the 12 chromosomes of potato (Figure 4). Figure 4 represents the
positions of the PotatoMASH core loci covering the euchromatic portion of the genome
flanking the centromeric heterochromatin, except chromosome 2. Chr 2 is acrocentric, and
the short arm is composed of the nucleolar organizing regions within the heterochromatin.
Therefore, we only selected regions in the long arm.
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Figure 4. The physical map of potato based on pseudochromosome molecule assembly of the DM_v4.04
reference sequence. The positions of the 339 PotatoMASH core loci are represented in Mb intervals.
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To test the ability of the primer set to reveal allelic diversity in tetraploid potato breeding
germplasm, we tested PotatoMASH initially in the Extended FRY population. Normalization
of samples prior to sequencing is a major cost component of the GT-Seq process as
originally described (~20% of the per-assay cost), so we performed the experiment twice,
sequencing both normalized and non-normalized libraries in order to test whether the
normalization step could be left out, considerably cheapening the assay.

We obtained 56.6 Gb of sequencing data distributed across all 765 potato samples for the
normalized library (theoretically ~0.5 M raw reads or 0.25 M paired-end reads/sample, 700
paired-end reads/locus) and 56.1 Gb for the non-normalized library. We detected some low-
output samples (less than 36,000 raw reads/sample, less than 50 paired-end reads/locus)
corresponding to two batches of samples distributed between plates 6, 7, and 8 (Figure 5).
As expected, the number of low-output samples was lower in the normalized library (32
samples) than in the non-normalized library (81 samples). On the other hand, library
normalization led to an enrichment of amplicons of the most efficient primer pairs leading to
lower read depth at other loci (Figure 5a). We did not observe the same problem with the
non-normalized library (Figure 5b). Therefore, in this study, normalization introduced more
variability in the coverage per locus (Figure 5). After merging and filtering reads, we retained
228,420 reads/sample on average. The efficiency of the primer pairs (either low or high) was
consistent across all samples (Figure 5), which indicates that the amplification efficiency of
the primers is not genotype-dependent.
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plate 1 plate 2 plate 3 plate 4 plate 5 plate 6 plate 7 plate 8

plate 1 plate 2 plate 3 plate 4 plate 5 plate & plate 7 plate 8

Figure 5. Coverage of the 339 PotatoMASH core loci. Heat map of the number of merged and filtered reads
I%;Grf samples (in columns) that mapped to each locus (in rows). (a) Normalized library (b) Non-normalized
After filtering, the normalized and non-normalized libraries revealed 2236 and 2279 SNPs
loci, respectively. For the normalized library, of the 339 loci, 333 yielded haplotype data
when the SNP dataset was processed with SMAP haplotype-sites. Six loci produced reads,
but for various reasons, they failed to generate haplotype information. We obtained a total
of 2032 short multiallelic haplotypes across the population in the remaining 333 core loci,
ranging from 2—14 haplotypes per loci, whilst most loci showed 5—6 haplotypes. The four
alleles for each locus/sample were successfully detected in 84% of sites (locus/sample),
and the rest are reported as NA. The majority of loci obtained calls for more than 90% of
samples.

44



PotatoMASH

In the non-normalized library, five of the six failed loci observed in the normalized library
were considered non-polymorphic, and we obtained a total of 2012 multiallelic haplotypes
across the population in the other 334 core loci, ranging from 2—14 haplotypes per loci, whilst
most loci showed 5-6 haplotypes (Figure 6a). The four alleles for each locus/sample were
successfully detected in 84% of sites. The haplotype call frequency for each individual
showed a tetraploid haplotype frequency distribution profile (Figure 6b).

The majority of loci got calls for more than 80% of samples (Figure 6¢). As final output, we
obtained a table with discrete dosage calls for each haplotype in each sample (Figure 6d),
which was used for downstream analysis.
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Figure 6. (a) Haplotype diversity distribution of 333 loci across the 765 individuals in the dataset generated by
the non-normalized library. (b) Haplotype frequency spectrum of one individual cv. Gravity. (¢) Locus call
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Demonstrating the Expandability of the PotatoMASH Platform Using Targeted
R-Locus Markers

In addition to the 339 core loci, to demonstrate the ability to add markers with specific targets
to PotatoMASH, we also designed primers to capture SNPs linked to disease and pest
resistance loci of interest to the Teagasc/IPM Potato Group breeding programme. Data for
10 loci involved in resistance to common scab, the potato cyst nematodes Globodera pallida
and G. rostochiensis, late blight, potato virus Y, and potato wart disease are shown in (Table
2). All of the target loci were successfully amplified, and the target SNPs were detected in
the original vcf file before filtering. However, three loci did not generate a haplotype
associated to the target SNP subsequent to data processing by SMAP haplotype-sites. In
the other cases, the concordance between the dosage diagnostic SNP and the haplotype
was close to 100%.

Table 2. Multiallelic haplotypes linked to disease resistance markers: Ref. = Literature reference/Developed
by Teagasc Potato Breeding Program (TPBP); Locus = Name of the locus containing the marker in

PotatoMASH; Haplotype = haplotype containing target SNP; Concord. = % concordance between marker
dosage and haplotype dosage.

Resistance

Ref. to: Name SNP Position Locus Haplotype Concord.
(Yuz""o”zg;a" S. scabies c2_17867 chr02:36548178 [T/C] C2_B2 011110 99.9%
(Yuzao"zg;a" S. scabies  c2_17864 chr02:36550070 [T/C] C2_B3 0011110 99.9%

G. pallida . o
TPBP o3 Gpad  chr04:4782401 [A/G]  C4_5 001110 99.9%

(Meade ot al chr04:6191864 [A/T]

2020a) " P.infestans R2 chr04:6191873,76,77 C4 6 Not detected NA
[TGATT/CGAAA]

(Rouppe van

derVoortet  G.pallida  Gpa5  chr05:5485534 [T/A] C5 Bg 0101010101111 o 5o,
00101
al. 2000)

(Meade etal. G.rostochien . o
po00n) s (i) H1 chr05:49238169 [T/A] C5_B10 000000110 100%
TPBP  P.infestans Rpi-blb2  chr06:775752 [G/A] C6_B1  Not detected NA

(van Eck et chr11:284162 [T/C] 68
ot PVY  Ny(o,n)sto o) C11_B1 000101010010  98.95%

S.

(Prodhomme o bioticu  Sen1 chr11:3928601 [A/G] C11_B3 001100 100%
et al. 2020) m

(Grech-Baran 5,y Ry-sfto  chr12:50957417 [G/A] C12 B6  Not detected NA

et al. 2020)

Haplotype-Based GWAS to Identify QTL Associated with Fry Colour

The design of PotatoMASH combines even marker spacing across the euchromatic portion
of the genome and the ability to reveal multiple haplotypes at each locus to efficiently scan
genome-wide variation. One of the main applications for this is in genetic marker discovery.
We tested the ability of the haplotypes and the SNP set from which they were derived (in
the non-normalized dataset) to discover QTL on chromosomes 10 and 2 for fry colour that
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had previously been detected in a portion of the FRY population using >40 k GBS-derived
SNP markers. We did not identify any significant QTL using the 2279 biallelic SNPs
underlying the haplotypes (Figure 7a).

(a)

~logso(p)

Chromosome

(b)

~logso(p)

Chromosome

Figure 7. Manhattan plot of GWAS results, additive model, for ‘off-the-field’ fry colour (OTF) in 2017 population
with the SNPs (a) and the multiallelic haplotypes (b) Horizontal line shows the QTL significance threshold at
4.54 (Bonferroni correction, level = 0.05).

However, amongst the 2012 haplotypes, which are 2012 different combinations of 2279
biallelic SNPs, three haplotypes were significantly associated with fry colour on chromosome
10 (Figure 7b). The three associated haplotypes underlying the QTL, namely,
10_14_00000100100 (Chr10:54209422-54209550), C10_15_01101010 (Chr10:55208521-
55208635), and C10_17_000110 (Chr10:57186478-57186604), were carrying two, four,
and two SNPs in loci C10_14, C10_15, and C10_17 respectively. These haplotypes showed
the same segregation pattern and the presence of the haplotypes had a negative impact on
fry colour (Boxplots in Supplementary Materials Figure S5b).
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These results agree with those obtained by Byrne et al. (2020) that analysed the same
population using a marker set consisting of 46,406 SNPs generated using GBS. In that
study, a QTL on chr10 was identified with a large cluster of associated SNPs between 49
and 59 Mb, peaking at 55.28 Mb. Our results are consistent with those findings, albeit using
a much lower-density marker set. We did not detect the QTL on chromosome 2, which was
marginal in the original study. We also tracked the parental origin of the haplotype with the
largest effect on fry colour (C10_14_00000100100), and for 27 out of 28 lines carrying this
haplotype, the variety “Valor” was used as a parent or grandparent. Additional information
about the SNPs composing the haplotypes identified in the Extended FRY population can
be found in Supplementary Materials Table S8.

Linkage Map Construction Using PotatoMASH Haplotypes

We also applied PotatoMASH to a bi-parental diploid mapping population (FRW19112), both
to test its performance in genetic mapping and to validate certain features of the assay. We
obtained 20 Gb of sequencing data for the 94 individuals of the population (0.7 M paired-
end reads/sample, 2000 PE reads/locus). After merging and filtering reads, we retained
484,134 reads/sample on average (1428 reads per sample/locus). After multiallelic
haplotype analysis, we obtained a total of 844 haplotypes across the population in 309 core
loci (2.7 haplotypes/locus), ranging from 1—4 haplotypes per locus, whilst most loci showed
three haplotypes. With the exception of two triploid clones, which were identified because of
their haplotype frequency distribution profile, the haplotype call frequency for each individual
showed the expected diploid profile (Supplementary Materials File S7).

The rate of missing data was extremely low; the two alleles for each locus/sample were
successfully detected in 96% of sites, and the majority of loci obtained calls for more than
95% of samples. The SMAP haplotype-sites output table with dosage calls for each
haplotype in each sample was further filtered as described in Section 2.6. A total of 690
short multiallelic haplotypes could be ordered and phased on 12 chromosomal linkage
groups (Figure 8).

RH89-039-16 contributed with 274 female-specific haplotypes, while 1VP10-281-10
contributed with 282 male-specific haplotypes. In addition, 134 haplotypes were segregating
from both sides. The haplotypes were distributed relatively evenly across the 12
chromosomal linkage groups identified, with an average of 57.5 haplotypes per linkage
group. However, more male than female haplotypes were discarded during the curation step
because of the strong male-specific transmission ratio distortion on chromosome 1 and 12.
This resulted in paternal linkage groups 1 and 12 composed of less haplotypes than their
maternal counterpart. The total genetic map length was 880 cM, ranging from 53 cM for
linkage group 6 to 95 cM for linkage group 1.

48



PotatoMASH

,_
Q

LG2

I—
®
€

20
40
60
a0

0
20
40
60
&0

20
30
40
50
60

s L
I |
AT T T T
L

I

.
(= =]
LI e
L THE
L He
2282y,
1 Bl
(NI
(N
I (il
(I I T [

= _|
(]

S

2 Al
2 1l
z -l

h1 h3  hé n1 h2 h3 b4
LG4 LGS LG6

= = 10 = =

= = 20 _

= = 30 - —

- — 40 - =

- o 50 _ = =

T T T 1 T T T 1

M h2 h3  hd h1 h1  h2 h3  hd

LG7 LG8 LG9

20 20

40 40 40

60 60 60

LTI I T
W
LTI T
(11 [T
I e
[T T TTTe
IR
(Il

T T NI
(ANl
e
= O B L R
ooDoDoDoDoDoo
FEEE T P e Dobnbobnbobobinl TR T s T
A
BN
A 1T T
0
CAE A [ D (1l
[=]
JIIEIVN IETIE A wbhobobialinlenl alir bl laaal
I
FEIET

80

L RIRTE |
B AN
T T T
(I

LI

=]

= _|
(]

o
= _
[
.
2
o
L=
-
b
z
2
=
(5]
.
w
.
e

1

LG10 LG11 LG12

o _
10 -

20 20 20
a0

40 40 o 40
50 0] &0

60
70

Figure 8. Phased homologue-specific map of population FRW19-112. Homologue maps from the diploid parent
RH89-039-16 are shown in red (h1-h2), blue for IVP10-281-1 the diploid parent (h3—h4), and the integrated
chromosomal map is shown in black.
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The expected co-linearity between physical distance and genetic distance was observed for
all linkage groups with the exception of few outliers, notably on linkage group 3 (Figure 9).
Interestingly, this loss of co-linearity in linkage group 3 co-localizes with a 5.8 Mb paracentric
inversion on the long arm of chromosome 3 recently identified among other clones in RH89-
039-16, the female parent of our population (Tang et al. 2022). The lack of markers
visualized as gaps in the long arm of chromosome 1 and on chromosome 12 coincide with
the positions of markers discarded during the curation step due strong transmission ratio
distortion. Surprisingly, gaps were also observed in regions not affected by this transmission
ratio distortion, such as the short arm of chromosome 5 and the long arm of chromosome 7.
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Such gaps could be due to the integration of female and male genetic maps with potentially
different structures and recombination rates. On the other hand, we detected a linkage
between the loci flanking the pericentromeric region, with an average genetic distance of
7.4 cM, despite an average per-chromosome physical distance of 46.7 Mb. This partially
validates our initial premise that marker coverage in the pericentromeric heterochromatin
was not required due to low levels of LD decay in this portion of the genome and indicates
that our estimates of the heterochromatin-euchromatin border were sufficiently accurate for
genome scanning purposes.
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Figure 9. Plot of the genetic location (cM) vs. physical position (Mb) of PotatoMASH loci across the
chromosomes. The vertical dotted lines represent the centromeric regions of the chromosomes.
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Discussion

Coverage and Allelic Diversity

Marker coverage in terms of density and distribution across the genome is a major decision
in the development of any genotyping platform. In their design of the SolSTW 20 k SNP
array, Vos et al. (2017) posited that, based on adopting an LD decay threshold of r2 = 0.1,
full SNP coverage of the haploid genome could be achieved by a minimum of 200 SNPs
targeted at 2Mb intervals throughout the ~400 Mb euchromatic portion of the genome.
However, this value would need to be upwardly adjusted to account for the number of
haplotypes present; assuming 10 haplotypes per locus, this figure increases to 2000 SNPs.
They also pointed out that an LD threshold of 0.1 is unlikely to have the ability to detect all
QTLs. Based on a near total lack of LD decay between adjacent SNPs at 100 kb, a more
comprehensive system would require the ability to survey 40,000 SNPs to ensure that at
least one SNP was in LD with any other allele, including target QTL alleles. As our goal was
to converge cost of application with a reasonable level of effectiveness, when designing
PotatoMASH, we utilised the scenario with significant LD as a starting point. Depending on
the threshold used to estimate LD decay, few studies give estimates of LD decay lower than
~0.5 Mb, so we adopted a 1 Mb spacing to ensure that no region was more than this distance
away from a core locus. Using the euchromatin/heterochromatin boundaries described in
the methods, this yielded 339 core loci, which were as close to this spacing as was
achievable.

Whilst 1 Mb marker spacing allows physical coverage of the genome, it does not deal with
high level of haplotypic diversity in potato, and we decided to adopt the “tag-level haplotype”
concept of Tinker et al. (2016) to deal with this, using SMAP haplotype-sites (Schaumont et
al. 2022) to provide a robust pipeline to identify short haplotypes. Within the Extended FRY
population of 765 tetraploid individuals, we observed from 2—14 haplotypes per locus, with
the majority of the loci exhibiting five or six haplotypes (Figure 6a), an average of 712
haplotypes per genotype and 2.4 (min 1.3—max 3) distinct haplotypes per genotype/locus.
One relevant question is how close the PotatoMASH is to revealing the true full allelic or
haplotypic diversity at these loci. As outlined earlier, allele copy number in European
breeding germplasm, at least in genic regions, seems to span the range of 5-20 copies.
Johan Willemsen (2018) estimated that in a panel of 83 tetraploid varieties, surveyed over
800 genic loci, an average of 25 haplotypes were present when 25 SNPs were aggregated
over windows of ~500 nucleotides (Willemsen 2018). In reality, it is probable that
PotatoMASH is underestimating the number of alleles per locus. Some of this is due to a
combination of experimental and analytical pipeline features, in which features such as read
depth/locus coverage and filtering, both within the SNP calling/filtering pipeline and SMAP
haplotype-sites, result in some real SNPs not being used to discriminate between
haplotypes. There is evidence in potato populations that many haplotypes are present at a
low frequency due to their recent introduction. Potato is known to carry a high number of
low-frequency SNP alleles (<1%), and this probably translates into a high level of low-
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frequency haplotypes. Taking into account that we filtered the SNPs with minimum 5% of
allele frequency prior to haplotype analysis, that we set up SMAP haplotype-sites to consider
only haplotypes represented by at least 5% of the reads, and that SMAP haplotype-sites do
not consider the positions of the indels, many real haplotypes could have been filtered out.
In addition, as with all PCR-based genotyping approaches, there is also the possibility of
null alleles arising from poorly or non-binding PCR primers due to sequence divergence in
these regions (although we did take specific steps to mitigate this in the design phase).
Larger structural variants (longer range presence—absence variation) could also cause null
alleles. Finally, a haplotype is partially defined by the window of observation. In our case,
the window of observation was 97-172 nucleotides, so it is conceivable that some
haplotypes exhibiting identity in this window, especially when relatively few variants are
observed, are flanked by polymorphic content that would split them into further haplotypic
variants.

Performance of PotatoMASH across the Core Loci

In addition to cost (see below), another reason why we tried to minimise the number of core
loci was to enable a high degree of manual intervention during the primer-pool design
process, e.g., several-fold more regions than primers were individually manually inspected.
An iterative process to attempt to minimise inter-primer-set interaction was adopted, and all
candidate primers were individually tested in an attempt to maximise the per-locus success
rate. Subsequently, 333 of the 339 core markers in the current PotatoMASH pool yielded
SNP/haplotype information, a drop-out rate of only ~1.5%. In addition to the Extended FRY
population, we also tested PotatoMASH on a diploid mapping population of 92 F1 individuals
derived from two highly heterozygous parents. In contrast to the Extended FRY population,
in the diploid mapping population, haplotypes were derived from loci, but 27 loci were non-
polymorphic and 3 did not amplify (~10% drop-out rate). However, we have subsequently
tested PotatoMASH across thousands of plants representing an even wider pool of material,
and the core marker performance has remained stable (data not shown), with similar
efficiency rates as in our tetraploid population (1.5% drop-out rate), demonstrating the utility
in investing this time in the primer design phase. Because of the non-fixed nature of the
primer pool, loci that consistently do not perform across experiments can be replaced with
alternative primer sets in future applications of the PotatoMASH platform.

On the other hand, the diploid mapping population was partly an application oriented test—
PotatoMASH could radically reduce the cost of diploid linkage mapping, and we wanted to
test its effectiveness for this purpose. We were able to assemble a completely phased
linkage map covering all four parental homologues across the 12 chromosomes of potato.
As expected, low recombination rates in the pericentromeric heterochromatin meant that,
despite the complete absence of markers in the area, markers flanking these regions
exhibited linkage, with genetic distances ranging from 0.52 to 16.7 cM (average of 7.4 cM).
Thus, our estimates of the heterochromatin/euchromatin boundaries, whilst somewhat
arbitrary, seem reasonable. However, centromeric regions are not devoid of recombination,
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and indeed, recombined centromeres may be a valuable source of variation in breeding
programmes, creating novel centromeric haplotypes in blocks of otherwise infrequently
recombining allelic variants of genes. Thus, there are circumstances where some
centromeric coverage may be advantageous. Introgression from wild species is a routine
pre-breeding activity in potato and understanding the structural diversity of pre-breeding
material in terms of the extent of introgressed segments is also important. For instance, the
recent phased genome assembly of the tetraploid variety C88 (Bao et al. 2022) revealed a
high contribution in terms of wild species, including extensive contribution to the centromeric
regions. Such linkage drag of centromeric regions whilst introgressing target genes may be
useful for diversity or undesirable due to the introgression of non-optimal alleles. Thus, while
we do not have enough information to understand the optimal design and utility of
centromeric markers for addition to low density marker panels, we can certainly envisage
some applications where centromeric coverage might be useful in future versions.

Cost Considerations

As can be seen from Appendix A Table A1, primers, on a per-assay basis, are not actually
the highest contributor to cost (although, in our case, they were the largest initial outlay,
even when purchased at the minimum synthesis scale). However, the number of loci
surveyed does impact both sequencing cost and achievable coverage, and this is the single
biggest cost component per assay, whilst sequencing depth contributes to the ability to
identify all alleles at a locus. The biggest per-assay cost, when adopting the original GT-Seq
protocol as outlined by Campbell et al. (2015), is library normalisation of individual samples
subsequent to library construction (Figure 3, step 3A). This process accounts for more than
20% of the per-assay cost. Rather than attempting to find a cheaper approach for this, we
normalized the template DNA (in contrast to Campbell et al.’s (2015) procedure), and we
tested the protocol on the Extended FRY population both with and without normalization and
processed both datasets through SMAP haplotype-sites. We obtained similar results with
the non-normalized approach, as with the library normalization approach in terms of data
and the number of SNPs and haplotypes. There was a more homogeneous coverage among
loci but also a higher number of low-output samples (Figure 5b). The efficiency of the library
construction was more variable in certain groups of samples than others, and this seemed
largely attributable to different DNA extraction runs in different years, as the Extended FRY
population was collected over a three-year period. This observation agrees with those of the
GT-Seq developers (Campbell et al. 2015), who demonstrated that the cause of this
variation was DNA quality among individual samples. Thus, if homogenous high-quality DNA
samples can be obtained for an entire experiment, we suggest that normalization could be
dispensed with (Figure 3, step 3B). For sets of DNA extracts with variable quality, we
recommend following the complete protocol described in this work, including library
normalization (Figure 3-step 3A).
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Utility of PotatoMASH in Discovery Genetics and Breeding Applications

We empirically tested the effectiveness of the current core set of markers in PotatoMASH
by repeating a GWAS analysis on a subset of 279 individuals of the FRY population in which
QTLs for the trait fry colour had previously been detected. In that experiment, >40 k ApeK1-
derived GBS markers were applied to detect a QTL on chromosome 10 with a smaller
additional QTL on chromosome 2. Interestingly, 2279 SNPs identified in the full FRY
population generated a similar number of haplotypes (2012) at the 333 core loci when
processed with SMAP haplotype-sites (non-normalized dataset). We utilised both of these
marker sets in GWAS to compare their detection power. In the absence of existing software
or models to harness the multiallelic nature of the markers for GWAS in tetraploids, we
decided to code the haplotype data in a similar manner to bi-allelic SNPs, with each
individual haplotype representing one allele, and the absence of that haplotype representing
the other allele. We then performed GWAS, using the same settings with the ~2 k SNPs and
the ~2 k haplotypes derived from them. The SNP set detected no QTLs whilst the haplotype
set detected the QTL on chromosome 10, but not the QTL on chromosome 2, which was
marginal relative to the cut-off threshold in the original study. Aggregating the SNPs into
short haplotypes clearly increased the ability of the polymorphic marker set to better
describe the real underlying haplotypic structure in the population. This increase in
resolution was such that the varietal origin of the haplotypes detecting the QTL could be
identified as the variety Valor, which contributed a haplotype that negatively impacted fry
colour, something that was not apparent in the original analysis based on the 40 k GBS
markers. PotatoMASH is designed to be expandable, by virtue of reconstituting the primer
pool with additional markers from experiment to experiment (our original primer stock will
support over 85,000 samples to genotype). For instance, it would be possible to increase
the marker density of the platform by adding sets of validated marker loci from other studies;
e.g., Vos et al. (2015) highlight the fact that the 3763 SNPs they included in the SoISTW 20
k array from the original SolCAP 12 k array have now been shown to work across a wide
range of samples, exhibiting low levels of ascertainment bias.

Whilst numerous applications in genetics and breeding require genome-scanning capability,
others require the ability to target the presence of specific variants, e.g., to diagnose the
presence of specific alleles in MAS. To demonstrate the expandability of the platform and
the ability to target additional loci of specific interest, we designed primer sets to target
diagnostic polymorphisms for disease and pest resistance of interest to the Teagasc/IPM
Potato Group breeding programme and then added these to the core set for application to
the Extended FRY population. Amongst 10 target loci (Table 2), the amplification and
detection of the target SNP directly from the SNP-calling pipeline was consistently
successful. However, three of the ten SNPs did not yield an associated haplotype when
processed in SMAP haplotype-sites, indicating that such targeted markers (low-frequency
SNPs in these three cases) might best be analysed at the SNP level prior to the SNP filtering
step to maximise their detection. The additional haplotypes (apart from the one containing
the target) can contribute with additional information from a genome-wide scanning context.
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We reasoned that core markers should have some ability to detect the presence of
haplotypes associated with resistance. To test this, we searched for core markers that
yielded similar (>90%) segregation patterns to those markers specifically designed to the R-
loci, which would indicate that they are detecting the presence of an introgressed segment
carrying the original marker and resistance gene. At the time of writing, a total of 21 loci
have been analysed in the Extended FRY population, including the 10 described in this
study, as well as further unpublishable proprietary markers for which we could not show
results. In total, 11 (52%) of these were found to have a linked core haplotype exhibiting at
least 90% of concordance in dosage calls with the target SNP. Thus, given a single discrete
target (SNP), a core haplotype with similar information content could be detected in 50% of
the cases. Presumably, in instances where the phenotype caused by the underlying gene
was either qualitative or a large effect QTL at these loci, it is likely that PotatoMASH would
have sufficient power to detect its presence.

Potential Applications for PotatoMASH in Potato Breeding

In this manuscript, we have described PotatoMASH in terms of its ability to efficiently scan
allelic variation in the potato genome in a cost-effective manner and explored its potential
for GWAS, genetic mapping and diagnostic marker detection. Another potential application
that drove us to develop the platform is the need to address cost as a limiting feature in
applying genomic prediction to potato breeding. We have previously demonstrated
moderate to good levels of predictive ability for the fry colour trait using rrBLUP in the FRY
population using the 40 k GBS-derived SNPs mentioned above. However, we also showed
that, for this trait, it is possible to identify a small subset of SNPs for processing
characteristics that can give moderate predictive ability, albeit lower than that achieved with
genome-wide markers (Byrne et al. 2020). The concept of using smaller numbers of markers
for prediction in potato has been explored by others. For example, it has been recently
shown that “pruning” a larger set of SNPs based on the distinct LD signatures in the
population they were applied to could reduce the number to 1500-5000 individual SNPs
without loss of information for GWAS and GS in that population (Selga et al. 2021b).
Interestingly, the harshest pruning took place close to the centromeres, in line with our
strategy of not placing markers in this region. Thus, smaller (and cheaper) marker sets can
be utilized for genomic prediction in potato. A recent study in wheat showed that multiallelic
haplotypes can improve the accuracy of genomic prediction over single SNPs (Sallam et al.
2020), and separately, it has also been shown that allele dosage information can improve
predictive abilities in comparison to using diploidized markers in polyploids (Batista et al.
2022). PotatoMASH combines low cost of application, good marker coverage of the
euchromatic portion of the genome, highly discriminatory multiallelic haplotypes, and
tetraploid/diploid dosage information at low cost. We are currently exploring how to exploit
the aforementioned advances in genomic prediction with these features of PotatoMASH for
low-cost genomic prediction in potato breeding. The ability to add targeted markers, as
illustrated here, means it could potentially be used for simultaneous genomic and marker-
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assisted selection strategies, improving the efficiency of selection in potato breeding (Slater
et al. 2014).

Conclusions

PotatoMASH (Potato Multi-Allele Scanning Haplotags) efficiently surveys genetic variation
throughout the potato genome. It can simultaneously diagnose the presence of target pest
resistance markers and track haplotype variation for use in breeding and genetics
applications where whole-genome scanning capability is needed at low cost for hundreds to
a few thousands of samples.
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Fastq files are available in the BioProject database under BioProject ID PRINA858449.
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Appendix A

Table A1. Supplies and costs of PotatoMASH materials used to genotype 765 commercial potato lines in this
work. Available prices in 2019-2020 (VAT excl.). Preps is the number of samples that can be processed or

were processed (sequencing) with the amount of material in the pack.

Pack Pack Sample
PotatoMASH Step and Supplies Provider/Code Price Units Preps Cost
(EUR) (EUR)
DNA extraction:
705 samples by CTAB method + 60 samples by sigma 0.247
Kit
CTAB Lysis buffer Applichem A4150 85.6 1L 1000
GenElute™ Plant Genomic DNA Miniprep Kit Sigma G2N10-70KT 150 70 70
2 mL tubes for CTAB method Greiner 623201CI 11.43 1000 500 0.023
Isopropanol for CTAB method Fisher Chem. 5.3 1L 2000 0.003
P749015
Ethanol for CTAB method Sigma 24105-M 8.4 25L 3000 0.003
1.5 mL tubes for CTAB method Sarstedt 72.690.001 35 5000 5000 0.007
1 mL tips Fisherbrand 8.92 1000 916 0.010
11548442
200 L tips Sarstedt 70.760.002 40 10,000 10,000 0.004
96-well PCR plate Thermo Sci. 58.27 25 2400 0.024
10425733
plate adhesive lid Greiner 676001 14.3 100 9600 0.001
Template DNA normalization:
Quant-iT™ PicoGreen® dsDNA Assay Kit Thermofisher P7589 510 2000 1916  0.266
Nunc™ F96 MicroWell™ Black Plates Thermofisher 236105 112 50 4400 0.025
10 L tips for quantitation Greiner 771290 9 1000 1000 0.009
200 L tips for quantitation Sarstedt 70.760.002 40 10,000 10,000 0.004
10 L filter tips for normalization Sarstedt 70.1130.210 70 1920 1920 0.036
96-well PCR plate Thermo Sci. 58.27 25 2400 0.024
10425733
plate adhesive lid Greiner 676001 14.3 100 9600 0.001
PotatoMASH PCR1:
QIAGEN Multiplex PCR Plus Kit (100) Qiagen 6152 185 255mL 700 0.264
PotatoMASH Primers (n = 347, 750 uM each) IDT 5119 20puL 85,714 0.060
96-well PCR plate Sarstedt 72.1978.202 69.75 25 2400 0.029
10 L filter tips Sarstedt 70.1130.210 70 1920 1920 0.036
Adhesive aluminium foil plate lid Sarstedt 95.1995 50.5 100 9600 0.005
PotatoMASH PCR2:
100 yL filter tips to dilute PCR1 Sarstedt 70.760.212 70.8 1920 1,920 0.037
QIAGEN Multiplex PCR Plus Kit (100) Qiagen 6152 185 255mL 490 0.378
i5 and i7 Primers (n = 96 + 8) at 100 yM IDT 667 300uL 2875 0.232
96-well PCR plate Sarstedt 72.1978.202 69.75 25 2400 0.029
10 pL filter tips Sarstedt 70.1130.210 70 1920 960 0.073
Adhesive aluminium foil plate lid Sarstedt 95.1995 50.5 100 9600 0.005
Library normalization, Pooling wells,
and Concentration-purification:
SequalPrep™ Normalization Plate Kit Invitrogen A1051001 1050 10 960 1.094
10 L tips for binding step Greiner 771290 9 1000 500 0.018
200 yL tips for washing step Sarstedt 70.760.002 40 10,000 10,000 0.004
200 L tips for elution step Sarstedt 70.760.002 40 10,000 10,000 0.004
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Pack Pack Sample
PotatoMASH Step and Supplies Provider/Code Price Units Preps Cost

(EUR) (EUR)
plate adhesive lid Greiner 676001 14.3 100 9600 0.001
Size selection, Purification, Quantification, and
Pooling plates:
Buffer PB Qiagen 19066 87 500mL 6400 0.014
15 mL tubes Sarstedt 62.554.002 55 500 48,000 0.001
QIAquick PCR purification Kit Qiagen 28704 104.14 50 4800 0.022
1 mL tips Fisherbrand 8.92 1000 6857  0.001

11548442

Wizard SV Gel and PCR Clean-Up System Promega A9281 94 50 4800 0.020
AMPure XP magnetic beads Beckman C. A63881 1326 60 mL 57,600 0.023
100 L filter tips Sarstedt 70.760.212 70.8 1920 30,720 0.002
Qubit™ dsDNA BR Assay Kit Thermofisher Q32853 275 500 48,000 0.006
Qubit™ assay tubes Thermofisher Q32856 70 500 48,000 0.001
Library quality assessment and Sequencing:
One Lane lllumina HiseqX 50% PhiX, paired-end 2 %
150 nt reads. Novogene (UK) 1307 1 lane 765 1.708
Minor inherent expenses: 0.125
Other supplies which individual cost per sample is too low such as gloves, RNAse
(macherey 740505, 0.000016 EUR/sample), ddH.O, one 10 mL pipette to
dispense PB buffer, Agarose, TBE buffer, GelRed dye, 100 bp DNA ladder, one
scalpel to cut gel slices, 200 uL tips and ethanol to wash the ampure beads, 10 uL
tips for Qubit quantitation to pool the final library, and library shipment to UK with
coolers.
Total cost per sample: 4.882
Without library normalization: 3.759
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Abstract

We genotyped a population of 618 diploid potato clones derived from six independent
potato-breeding programmes from NW-Europe. The diploids were phenotyped for 23 traits,
using standardised protocols and common check varieties, enabling us to derive whole
population estimators for most traits. We subsequently performed a Genome-Wide
Association Study (GWAS) to identify quantitative trait loci (QTL) for all traits with SNPs and
short-read haplotypes derived from read-backed phasing. In this study, we used a marker
platform called PotatoMASH (Potato Multi-Allele Scanning Haplotags); a pooled multiplex
amplicon sequencing based approach. Through this method, neighbouring SNPs within an
amplicon can be combined to generate multi-allelic short-read haplotypes (haplotags) that
capture recombination history between the constituent SNPs, and reflect the allelic diversity
of a given locus in a different way than single bi-allelic SNPs. We found a total of 37 unique
QTL across both marker types. A core of 10 QTL were detected with SNPs as well as with
haplotags. Haplotags allowed to detect an additional 14 QTL not found based on the SNP
set. Conversely, the bi-allelic SNP set also found 13 QTL not detectable using the haplotag
set. We conclude that both marker types should routinely be used in parallel to maximize
the QTL detection power. We report 19 novel QTL for nine traits: Skin Smoothness, Sprout
Dormancy, Total Tuber Number, Tuber Length, Yield, Chipping Colour, After-cooking
Blackening, Cooking Type and Eye depth.
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Introduction

Potato is an important food crop and is a key element in the global food security, as well as
being a valuable cash crop (FAO Crops statistics database: http://faostat.fac.org/). Given
the importance of potato, and the potential impact of factors such as climate change and
world population increase, the ability to rapidly and precisely breed potato varieties
combining large numbers of favourable traits has been widely recognized. Outbreeding and
tetraploidy of modern cultivated potato are complicating factors to achieve greater genetic
gains in potato breeding. The potential to rapidly harness recurrent selection to fix favourable
alleles and purge deleterious ones across cycles of selection is limited. In response, several
groups have started programmes to increase the effectiveness of recurrent selection by
breeding at the diploid level (Song and Endelman 2023; Lindhout et al. 2011; Zhang et al.
2021; Bradshaw 2022) through utilisation of self-compatible diploids. Selfing allows fixation
of alleles linked to important traits, after which inbreeding depression is addressed by
crossing divergent, high performing inbred lines, producing uniform F1 progeny exhibiting
hybrid vigour (Zhang et al. 2021; Lindhout et al. 2011; Jansky et al. 2016). Diploid potato
has a genetically encoded gametophytic self-incompatibility system (Hosaka and
Hanneman 1998a; Kao and McCubbin 1996). The ability to self-fertilize and backcross lines
efficiently is mediated by the SIi locus, originally described by Hosaka and Hanneman
(1998b), and more recently mapped by Clot et al. (2020). The latter study found that Sli is
not only available in clones derived from Solanum chacoense, but also in material derived
from the early variety Rough Purple Chili. Hence, the Sli gene is widely present in tetraploid
varieties and diploid material derived from these varieties.

The “precision breeding” approach exemplified by utilizing self-compatibility to accumulate
and fix traits in potato requires tools to manage the genetic diversity at important loci like Sli
into diploid breeding material. As well as characterizing the genetic location and origin of S/,
Clot et al. (2020) developed and validated diagnostic KASP markers to enable efficient
marker assisted selection (MAS) for the Sli locus. Other traits important to this breeding
approach, are those related to sexual polyploidizations (Clot et al. 2023; Clot et al. 2024),
as well as tolerance to inbreeding depression (van Lieshout et al. 2020; Zhang et al. 2022b).
These resources will facilitate the reproductive aspects of breeding potato at the diploid
level, enabling MAS strategies to manage the introgression of key alleles to facilitate the
process. In addition to this, it would be useful to develop a resource for genome-based
breeding methods to support the improvement of other important traits in potato at the diploid
level such as disease resistance, and agronomic and quality traits to develop specific
ideotypes to serve different market segments (e.g., fresh consumption, processing, starch).
Identifying marker-trait associations is essential to drive MAS for rapid breeding. One
powerful strategy to discover markers linked to complex traits is to perform Genome-Wide
Association Studies (GWAS).In the last decades, numerous association studies have been
conducted on potatoes, mostly at the tetraploid level, reflecting the above desire to
characterize important traits directly in breeding-relevant material (Baldwin et al. 2011;
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Byrne et al. 2020; D’hoop et al. 2014; D’hoop et al. 2008; Zhang et al. 2022a; Urbany et al.
2011; Li et al. 2010; Lindhout et al. 2011; Malosetti et al. 2007; Prodhomme et al. 2020;
Klaassen et al. 2019; Vos et al. 2022; Rosyara et al. 2016; Schoénhals et al. 2017; Sharma
et al. 2018). Genetic studies in diploid potato have largely been based on mapping specific
traits using biparental crosses, with relatively few, and generally smaller scale GWAS
studies in diploid germplasm sets (Diaz et al. 2021; Parra-Galindo et al. 2021; Yang et al.
2021), and, to our knowledge, this study is the most extensive diploid potato panel, multi-
trait GWAS so far.

In potato, Genotyping-by-Sequencing (GBS) as marker discovery and screening strategy
usually yields tens to hundreds of thousands of SNPs: e.g. 186k (Sverrisdattir et al. 2017),
40k (Byrne et al. 2020), 22.5k markers (Wang et al. 2021); and SNP arrays in potato typically
contain up to tens of thousands of markers: e.g., 20k (Vos et al. 2022) and 8.3k markers
(Mosquera et al. 2016; Rosyara et al. 2016). In a previous study, we developed a marker
system called PotatoMASH (Leyva-Pérez et al. 2022), with the specific ambition of exploring
the potential of low cost, genome-wide genotyping for application in potato breeding and
genetics. PotatoMASH surveys 339 loci using a multiplex amplicon sequencing approach
followed by deep NGS sequencing (2x150bp lllumina sequencing). The question of what is
the minimum number of loci that would provide reasonable genome coverage for effective
downstream analysis such as GWAS is in the basis of the development of PotatoMASH. It
was previously found that “useful” levels of linkage disequilibrium (LD) extended between
0.6 and 1.5 Mb depending on the population under examination and the LD criterion used.
In addition, almost no LD decay was observed across the pericentromeric heterochromatin
(Vos et al. 2015; Sharma et al. 2018). This is why PotatoMASH was designed to detect
variation at 339 loci evenly distributed every 1 Mb across the euchromatic portion of the
genome (Leyva-Pérez et al. 2022), so no site could be more than 0.5 Mb from at least one
locus. On the other hand, SNPs are almost entirely bi-allelic, and surveying a single SNP
locus per megabase will not efficiently survey the diversity of real haplotypes at any one
locus. Because of the high SNP density in potato germplasm, PotatoMASH actually yields
>2000 SNPs, and additional tools can be used for read-backed phasing (Schaumont et al.
2022), to create short haplotypes (165-180bp) that can be used as a multi-allelic marker
system. These multi-allelic haplotags better represent the real allelic composition at a locus
and may have better discriminatory power than SNPs for quantitative trait loci (QTL)
detection in genome-wide association analysis. Proof of concept of the detection power of
PotatMASH was provided by detecting the same QTL associated with fry colour that was
originally detected in a GWAS involving 40K GBS-derived SNP markers (Byrne et al. 2020).
In addition, we observed that the multiallelic haplotags potentially had better discriminatory
power than SNPs in GWAS, since the QTL was only detected when using multiallelic
haplotags and not SNPs (Leyva-Pérez et al. 2022).

In this study, we describe a set of 618 diploid potato genotypes, assembled by a consortium
of six breeding programmes (DIFFUGAT project https://diffugat.eu/). This material will form
the basis of the diploid breeding approaches described above. Phenotypic data were
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collected on 23 traits over three years (2019-2021) This collaborative project aims to
improve commercially relevant traits in a diploid genetic background with several essential
reproductive traits such as (1) self-compatibility to allow fixation of genetic gains, (2) 2n
gametes to allow sexual polyploidization and hybridization with varieties, and (3) a high level
of male and female fertility.

The objectives of this study were: 1) to characterize this panel for a set of traits that are
routinely phenotyped during the selection process in these breeding programmes; 2) to map
loci underlying the control of these traits using GWAS; 3) to test haplotags based QTL
detection in a wide variety of traits. A longer-term goal is to utilize this information to develop
marker-based tools to facilitate selection in this germplasm and extended sets of breeding
clones related to it within individual programmes.

Materials and Methods

Plant materials and phenotypic evaluation

We used a panel of 618 diploid potato clones provided by a consortium composed of
commercial breeders and research institutes. The panel represents clones from diploid
breeding programs, where commercially relevant traits are combined with traits important
for diploid breeding, such as fertility, self-compatibility and 2n gamete production.
Contributions were made by Meijer Potato, The Netherlands — 225 individuals; Wageningen
University, The Netherlands — 134; Danespo A/S, Denmark — 101; SaKa Pflanzenzucht
GmbH & Co. KG, Germany — 93; Germicopa Breeding, France — 60; and Averis Seeds B.V.,
The Netherlands — 17 individuals. Because of the commercial nature of the material,
pedigree information could not always be provided. In general, the panel is composed of
elite diploid breeding clones, primary dihaploids extracted from tetraploid varieties and
donors of resistance and fertility traits.

For intellectual property reasons, the breeding material was not shared between companies.
Instead, consortium members evaluated their own material using an augmented design, with
replicated checks shared across the six locations over three years (2019-2021). Each
company implemented field trial design according to their own system, but the check
varieties were included across programmes: Two control varieties were used in 2019 (Lady
Claire and Fontane), and two additional control varieties were introduced to the experiments
in years 2020 and 2021 (Darling and Laperla). Those four controls were used to estimate
the environmental variance across the sites. Some additional controls were introduced
locally within each company in accordance with their local protocols for field trials. The size
of each experimental unit was 8 plants per plot, with the exception of Averis, who planted
14 plants per plot, and we accounted for this in measurements that are influenced by number
of plants: Yield, Total Tuber Number and Dry Matter Content, by rescaling the measurement
proportionally to 8 plants. All companies used a planting distance of 75 cm between the
ridges and 30 to 35 cm between plants. Fungicide treatment, fertiliser and irrigation was
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applied according to each company’s own growing protocol and according to needs each
season. More experimental information is provided in Suppl. File 1.

An overview of all 23 morphological, agronomic and quality traits examined in this study is
shown in Table 1. All consortium members used an agreed standardized set of protocols for
scoring each trait. While most phenotyping efforts need no further clarification, some
observation methods are briefly outlined below. Tuber length (TPM) was measured by
counting how many randomly picked tubers are required to fill a PVC gutter of 1 meter length
(Suppl. File 2). This means that higher scores are given to shorter tubers. Enzymatic
Browning (EnzB) was scored on strings of tuber tissue 2 hours after being scraped from
peeled raw potatoes using a coarse kitchen grater. Presentability of Tubers (PTY) is a
holistic trait as defined by breeders’ experience and includes regularity and goodness of
shape, size, eyes, and skin phenotypes. Skin Smoothness (SkinS) relates to the feel and
washability of tubers. Skin Brightness (Gloss) is a visual assessment referring to a glossy
or shiny skin finish. Cooking Type (CT) was evaluated by boiling samples of two tubers per
plot for 25 minutes. After-cooking blackening (ACB) was assessed on the cooled-down
potato one day after cooking. Processing quality was assessed using Chipping Colour data
from three treatments: 1. tubers stored at 8°C for 4 months before crisping (QDC1-8), tubers
stored at 8°C for 6 months before crisping (QDC2-8) and tubers stored at 4°C for 6 months
before crisping (QDC2-4). The colour is assessed for three potato tubers, cut into slices of
1 mm and fried at 180°C until water (“bubbles”) has disappeared from the crisps.
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Table 1. Overview of phenotypic traits, scales and numbers of genotypes (including controls) that were
assessed for each trait and number of observations over three years.

Number of  Number of
. genotypes observatio
Trait Abbr. Scale (including ns over 3
controls) years
Yield YLD In kg per plant, fresh weight at harvest 567 1650
Canopy stage 1
6 weeks after Can1 1 = plants have not yet emerged to 9 = largest canopy in the trial 475 1347
planting
Canopy stage 2
10 weeks after Can2 1 = plants have not yet emerged to 9 = largest canopy in the trial 550 1295
planting
Tuber Length TPM Tubers per meter count was used with correction table 307 907
Total Tuber TTN  Count of tubers 523 1452
Number
Tuber Shape TSH 1= very_round, 2 =round, 3 =_round—ova|, 4_= round—f)val tooval, 5= 569 1646
oval, 6 = oval to long-oval, 7 = long-oval, 8 = long, 9 = very long
Yellow Skin 1 = white, 2 = cream, 3 = light yellow, 4 = yellow, 5 = dark yellow, 6 =
Colour YsC brown 536 1542
Yellow Flesh FC 1 =clear white,_2 = white, 3 = cream, 4 = light yellow, 5 = yellow, 6 = 549 1575
Colour dark yellow, 7 = very dark yellow
Eye Depth EYE 1 = very deep to 9 = very shallow 567 1648
Presentability of _ -
Tubers PTY 1 = very bad to 9 = very good 565 1644
Skin Smoothness SkinS 1 =rough to 9 = very smooth 567 1488
Skin Brightness Gloss 1 =dull to 9 =clear 554 1411
Sensitivity to _ _
Common Scab Scab 1 = heavy symptoms to 9 = no symptoms 424 1278
1 =ink black, 2 = uniformly black, 3 = discolouration to black, 4 =
Enzymatic EnzB darkening of red and grey discolouration, 5 = bright red and dark grey 550 1467
Browning discolouration, 6 = start of red/grey discolouration, 7 = clear start of
discolouration, 8 = very slight discolouration, 9 = no discolouration
2 = very floury, loose boiling, sloughing, 4 = floury, crumbly and fairly
Cooking Type CT loose, 6 = slightly floury and fairly firm, 8 = not floury, firm cooking, 9 555 1393
= extreme firmness
After-cooking _ - f
blackening ACB 1 = very dark to 9 = pure colour (no darkening at all) 558 1498
Chipping Colour apc
1%t time point 1-8 1 = very dark to 9 = pure colour (no darkening at all) 559 1593
stored at 8°C
Chipping Colour Qpe
2" time point 28 1 = very dark to 9 = pure colour (no darkening at all) 367 857
stored at 8°C
Chipping Colour apc
2" time point o4 1 = very dark to 9 = pure colour (no darkening at all) 505 1353
stored at 4°C
Dry Matter o ’ .
Content DM % relative to fresh weight 566 1626
Sprout Dormancy SD 1 = heavy sprouting (early) to 9 = no sprouting 536 1416
Tuber Regularity REG 1 =bad to 9 = good 565 1646
Maturity MAT 1 = plants still green and flowering to 9 = plants reached senescence 427 857
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Statistical analysis of phenotypic data

All statistical analyses and data visualizations were performed using R version 4.2.1 unless
otherwise specified in results. Visual inspection of the distribution of the data and quantile—
quantile (QQ) plots of residuals versus quantiles revealed some obvious deviations from
homoscedasticity or normality in the continuous traits: Yield, Tuber Length and Total tuber
number per plant (Figure 1). The data of those traits were transformed with Yeo-Johnson
transformation using the R package “car’ (Fox and Weisberg 2019). Although the majority
of the traits were measured on an ordinal scale, an inspection of diagnostic plots for
residuals indicated no strong violations of the assumption of normal error distributions and
were all analyzed as quantitative traits, as previously performed (D’hoop et al. 2008),
assuming the error variation to be normally distributed with constant variance.

Check varieties were used in the estimates of the Best Linear Unbiased Estimators (BLUES)
of phenotypic means of all 23 traits across years and locations but were excluded from the
GWAS. We used a multiple linear regression package Ime4, using the Im function (Bates et
al. 2015) to calculate the BLUESs with the following equation:

Trait= Genotype + Year + Location + Location*Year + error

Where genotype is the clone name and does not include any genetic information such as pedigree
due to intellectual property rights and Location is the site of each company. Location*Year effect
was applied when analysing data from more than one company. All independent variables:
Genotype, Year, Location and Location*Year, were considered as fixed effects due to the
low number of levels.

Least square means, calculated for the BLUEs with the R package “emmeans” (Lenth et al.
2021), served as the final phenotypic data used in the association analysis.

A Pearsons correlation matrix between the vegetation indices and the vegetative growth
parameters was generated using the package corrplot for R. Correlation coefficients were
tested at p = 0.05.

Broad-sense heritabilities (H?) were calculated for each breeding population separately on
an entry-mean basis according to the formula:

H2:092/(092+ng2/nyear +0'e2/nyear),

Where ag¢? is the genotypic variance, ag? is the genotype-by-year variance, o¢? the error
variance and nyear is the number of years.

The k-matrix of the genomic data was calculated with the R package GWASpoly (Rosyara
et al. 2016) and the modelled Least square means were used to calculate the Marker-based
heritabilities, (h?snes and  h2hapiotags) with the R package “heritability” with the
marker_h2_means function (Kruijer and White 2023; Kruijer et al. 2014).
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Genotypic Data
Data collection with PotatoMASH

Leaf material was sampled in 2019, the first year of the field trials, freeze-dried and stored
with silica gel until use. Approximately 5 mg of dry tissue was used to extract DNA with Mag-
BIND® Plant DNA DS Kit (Omega-VWR M1130-00, Philadelphia, USA), using the
KingFisher Flex automated extraction & purification system (Thermo Scientific, Austin, TX,
USA).

PotatoMASH libraries were obtained and haplotyping was performed as in Leyva-Pérez et
al. (2022) (https://www.protocols.io/view/potatomash-library-construction-e6nvw53zdvmk/v2) with the
following adjustments to the bioinformatics pipeline: Merged and filtered reads were mapped
to the S. tuberosum genome v6.1 (Pham et al. 2020). Variant calling were then filtered with
a minimum allele frequency of 0.01 and a maximum of 0.99: vcftools —bcf PotatoMASH.bcf
—out PotatoMASH —min-alleles 2 —max-alleles 2 —recode —recode-INFO-all -minQ 30 —
minDP 6 —maf 0.01 —max-maf 0.99 —remove-filtered-all —-max-missing 0.5.

Haplotypes nomenclature is given by the software SMAP (Schaumont et al. 2022) as a
binary string code for the set of SNPs called in a specific locus, were the reference allele of
each SNP is coded as “0” and the alternative allele is coded as “1” in a specific haplotype
(Figure 4c). The final haplotag name is the PotatoMASH locus name plus the binary string
in which 0 means same base as reference genome, 1 is alternative base and “-“ is an indel
at that SNP position (e.g. C1_1_000110-10).

For the 334 polymorphic loci, the average locus correctness score (number of samples with
sum of discrete haplotag dosage calls equals 2, divided by total number of samples with
sufficient read depth for that locus, expressed as percentage) was 92. SMAP also calculates
the sample correctness score per sample (number of loci where the sum of discrete haplotag
dosage calls equals 2, divided by the total number of loci with sufficient read depth,
expressed as percentage). Since the average locus correctness score was high for the 334
loci, we assumed that individuals with low sample correctness score would be due to
technical errors or putative cross contamination. Therefore, we removed 21 genotypes with
a sample correctness lower than 40. A final panel of 558 genotyped individuals were used
for the GWAS.

Population structure

Population structure was evaluated using a principal component analysis (PCA) calculated
with Plink 1.9 using SNPs with a Minimum Allele Frequency >0.01 (Purcell et al. 2007). The
population genetic structure was assessed using the Bayesian clustering method
implemented in STRUCTURE version 2.3.4 (Pritchard et al. 2000). An admixture model and
correlated allele frequencies were chosen for estimating the proportion of ancestral
contribution in each accession. We tested various K-values ranging from 1 to 10 with 3
independent replications at each K, 10,000 generations burn-in period and 10,000 Markov
Chain Monte Carlo (MCMC) repetitions. Calculation of Delta K: 1. Mean L(K) (xSD) was
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done over three independent runs for each K value 2. Rate of change of the likelihood
distribution (meant SD) was calculated as L'(K) = L(K) — L(K — 1). 3. Absolute values of the
second order rate of change of the likelihood distribution (mean + SD) were calculated
according to the formula: [L"(K)| = |L'(K + 1) — L'(K)|. 4. AK calculated as AK = mean|L"(K)|/
sd[L(K)] (Evanno et al. 2005). Visualizing admixture plot was done with the
fastSTRUCTURE software distruct.py function (Raj et al. 2014).

GWAS

Two datasets were used for the GWAS. We first identified SNPs across the sequenced
amplicons and used these as a data set in a GWAS. We then used this SNP set to construct
short haplotypes with SMAP haplotype-sites tool (see section “data collection with
PotatoMASH”) combined with discrete genotype calling, that were then used simply as
presence-absence markers for GWAS. The distinct haplotags were treated as
"pseudoSNPs" for the purpose of the analysis.

Association analysis for both SNP and haplotag data was done with the R package
GWASpoly (Rosyara et al. 2016). Population structure was controlled using the K model
and QQ plots were used to assess if there was sufficient control of population structure. The
function GWASpoly with additive and non-additive models was used to test for association
at each marker. Marker curation was carried out using the maximum genotype frequency
option with default parameter setting (geno.freq = 1-5/N, where N is the number of
genotypes), so markers present in fewer than five individuals are removed. The genome-
wide false discovery rate was controlled using the M.eff method (a Bonferroni-type
correction but using an effective number of markers that accounts for Linkage Disequilibrium
(LD) between markers) at level = 0.05. We did not use the leave-one-chromosome-out
(LOCO) approach due to the inflation of the P-values as observed with the QQ plots.

Results

Phenotypic data

Taken together, phenotyping of the panel of 618 diploids resulted in 32,590 data points,
collected over three years, across six locations, for a total of 23 agro-morphological and
quality traits (Figure 1, Table 2). These data were unbalanced given that some
locations/breeders focussed on a single niche market (e.g. starch). A strong year-by-location
interaction was observed (Suppl. File 3) using control varieties planted across all sites. From
these raw data best linear unbiased estimators (BLUEs) were calculated while taking the
year-by-location interaction into account with the regression models.

We could not calculate the broad sense heritability (H2) across all companies, as only the
control varieties were shared. The heritabilities presented in Table 2 are the average of the
estimated trait heritability for each company and varied mostly between moderate to high
values, ranging from 50 to 90%. Traits largely controlled by single loci such as Tuber shape
(TSH), Yellow flesh colour (FC), and Maturity (MAT), typically show H? between 82% and
90%, according to expectations. Some of the complex polygenic traits like Dry Matter

70



GWAS

Content (DM) and Yield, also show an exceptionally high H? of 85-89%. Furthermore, the
majority of the processing and quality traits such as Enzymatic Browning (EnzB), Cooking
Type (CT), After-cooking Blackening (ACB), and Chipping Colour showed moderately high
H? values (73-84%). Marker-based heritability, were also calculated using both markers
types, SNPs and haplotags, and were lower than the broad sense heritability for all traits
(Suppl. File 10)
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Figure 1. Frequency distribution histograms for all traits of this study, across all companies. The horizontal axis
indicates the data range of traits, and the vertical axis indicates the frequency of individuals. For traits Yield,
Tuber Length and Total Tuber Number per plant: the grey histograms represent the raw data, and the blue
histograms represent the transformed data that we used in the downstream analysis.
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Table 2: Mean, standard deviation (SD), minimum (Min), maximum (Max) values and Broad sense (H?)
Heritability (%) for all traits:

Average

. . H? across Number_of
Trait Min Max Mean SD all companies
companies tested
Canopy stage 1 1 9 5.24 1.69 60.1 5
Canopy stage 2 1 9 5.53 1.73 75.2 6
Yield 0.003 4.26 0.98 0.5 85.5 6
Tuber Length 537 28.11 10.37 4.01 87.1 4
Total Tuber Number 0.75 6125 1542 6.72 69.2 5
Tuber Shape 1 9 4.4 2.07 90.4 6
Tuber Regularity 1 9 6.05 1.23 64.9 6
Yellow Skin Colour 1 6 4.12 0.8 63.6 6
Yellow Flesh Colour 1 7 3.6 1.5 88.8 6
Eye depth 1 9 6.47 1.31 82.6 6
Presentability of 1 9 565 124 74.5 6
Tubers
Skin Smoothness 2 9 5.95 1.09 60.3
Skin Brightness 1 5.58 1.09 62.1
Sensitivitsyct:bCommon 3 9 6.76 116 50.6 6
Enzymatic Browning 1.5 9 5.51 1.36 81.7
Cooking Type 2 9 6.62 1.68 74.3
Agl‘:tﬁggik;gg 1 9 59 19 72.7 6
Chipping Colour 1_8 1 9 5.25 1.86 77.8 6
Chipping Colour 2_8 1 9 4.93 1.96 83.6 3
Chipping Colour 2_4 1 9 3.82 1.77 81.8 4
Dry Matter Content 835 31.08 2135 284 88.7 6
Sprout Dormancy 1 9 5.81 1.82 74.9 5
Maturity 1 9 6.6 1.44 82.0 4
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Correlations between Traits

The correlations between traits are shown in Figure 2, and are based on the phenotype
estimated means (Suppl. File 5). The highest positive correlations were observed between
Skin Smoothness and Skin Brightness (while both had a negative correlation with Yellow
Skin Colour). High correlations were also observed for tuber visibility traits such as Tuber
Regularity, Tuber Presentability, and Eye depth. Yield showed a negative correlation with
Maturity and a positive correlation with Canopy development. Canopy stage 1 and Canopy
stage 2 positively correlated with Total Tuber Number.
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Figure 2: Matrix of pairwise Pearson's correlation between all traits. Positive correlations are displayed in blue
and negative correlations in red. Colour intensity is proportional to the correlation coefficients according to the
scale displayed on the right. Marking of significance level: ***0.001, **0.01, *0.05
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Genotyping, variant calling, and genetic diversity

After merging and filtering reads we retained on average 275,855 reads per sample, which
corresponds to an average of 813 reads per amplicon per sample, well exceeding the
required minimum of 20x read depth recommended for SMAP haplotype calling for diploids.
The amplification efficiency of the primer pairs (either low or high) was consistent across
most samples (Figure 3).

3  plate5  pl

[ T
<10  >20 40-8,0000 reads

Figure 3. Coverage of the 339 PotatoMASH core loci. Heat map of the number of merged and filtered reads
of 618 samples (in columns, each plate is of ~96 samples) that mapped to each locus (in rows).

After filtering, 2730 SNPs were identified across the panel. Out of 339 PotatoMASH target
loci, SMAP haplotype-sites could identify 334 loci with polymorphic, multi-allelic haplotypes.
A total of 2955 short multi-allelic haplotags were identified across the panel, ranging from
2-30 haplotags per locus, while most loci had 8-9 haplotags per locus (Table 3, Figure 4a).
This is higher than previously reported by Leyva-Pérez et al. (2022) in a tetraploid population
where 2-14 haplotags per locus (on average 6 haplotags per locus) were reported. The
higher haplotype diversity suggests higher genetic diversity in the used diploid panel.

As expected in our diploid panel, two haplotags (either homozygous or heterozygous) were
successfully called at each locus, for each individual, in 91% of cases. SMAP analyses the
relative read depth per haplotag per locus per individual, and outputs the distribution across
all loci to check, if that fits the typical frequency spectrum expected for diploids (Figure 4b).
39 of the individuals showed a tetraploid typical frequency spectrum and were excluded. As
final output, we obtained a table with discrete dosage calls for each haplotag per locus, per
sample (Figure 4c), which was used for downstream analysis.
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Table 3. Summary of genotyping and variant calling with PotatoMASH.

Total samples 558

SNPs called 7503

SNPs filtered 2730
Polymorphic loci 334

Number of haplotypes 2955
Haplotypes per locus 2-30 (8.8

2 haplotags called per locus per 91%

(a) (b) (c)
140 Locus Haplotag Sample_1 Sample_z—rsample_z
Locus 1 [00000000 1 2 0
2 1207 Locus 1 [00000010 1 0 1
® Locus 1 [00000100 0 0 0
E 1001 Locus 1 [00011010 0 0 0
§ 30] % Locus 1 |00100000 0 0 0
3 Y Locus 1 [01000000 0 0 1
5 5 Locus 2 [000000 0 2 1
g 2 5 60- Locus 2 |000010 0 0| 0|
€ -E Locus 2 |000100 1 0| [
3 S . Locus 2 |010000 0 0 0
] z Locus 2 |011000 1 0 1
20 Locus 3 [000000 2 0 1
Locus 3 [001100 0 0 0
o ‘. ey ‘ Locus 3 [001110 0 1 0
2 10 2 30 1 10 20 30 40 50 60 70 80 90 100 [Locus3 [010000 0 1 1

Number of distinct haplotags per locus Haplotag frequency (%)

Figure 4. (a) Haplotag diversity distribution of 334 loci across the individuals in the panel. (b) Haplotag
frequency spectrum of one individual, the haplotag frequency is calculated by the relative read depth (%) for
each haplotag within its locus. (c) Example of tabular data generated by SMAP haplotype-sites with 3
genotypes (samples), 3 loci, 15 haplotags, and diploid discrete dosage calls for each locus/sample. Loci 1 and
3 include haplotags not detected in samples 1-3 but in other genotypes not shown (samples 4-558).
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Population structure

We examined population structure by Principal Component Analysis (PCA) using the SNP
data and observed two main clusters, with separation mainly occurring on the 13t principal
component which explains ~17% of the genetic variation, indicating that the diploid
population of Meijer deviates from the gene pools of the other breeding programs (Figure
5a). We also examined the underlying population structure of the panel through Bayesian-
based approach using STRUCTURE v 2.3.4. and with the log mean probability and deltaK
(change in log probability) per K (number of sub-populations) generated the highest peak at
K = 2 (Figure 5c¢), and this confirmed the conclusion of two sub-populations. We therefore
decided to perform QTL discovery using three sets of potato genotypes: the “full panel”, the
sub-populations "only Meijer" and the rest not including Meijer (referenced as "no Meijer").
In this way, we were hoping to capture QTL that were robust across all subpopulations in
addition to subpopulation-specific QTL.

(a)

0.10=

company
- Averis

- Danespo
-= Germicopa
- Meijer

- SAKA
WUR

0.05A

(c)

0.001

PC1 (17.43 %)

Delta K
@
(=]

-0.05

T T T T T
0.10 -0.05 0.00 0.05 0.10
PC2 (10.85 %)

Figure 5. (a) Principle Component Analysis (PCA) with SNP data of all six companies. (b) Estimation of
hypothetical sub-populations using K-values. (c) The number of identified sub-populations (K) versus DeltaK
estimated based on Evanno method

GWAS of multiple traits

To capture all the potential QTL, we performed six GWAS (three genotype-sets described
above with the two marker-sets, SNPs and haplotags).

We identified 37 QTL for 20 out of 23 traits. For three triats: Tuber regularity, Skin brightness
and Presentability of tubers we didn’'t detect QTL . Of the 37 QTL identified, only 10 QTL
were detected with both SNPs and haplotags. 14 QTL were only detected by haplotags, and
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13 QTLs were only detected by SNPs (Figure 6; Table 4). The full information of all the
significant markers, including their marker’s effects, are provided in Suppl. File 7.
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Figure 6. Physical map with the positions (Mb) of all QTL. Grey regions on the chromosome indicate
pericentromeric heterochromatin, without PotatoMASH amplicons.

Differences in QTL detected across populations

Differences in the sets of QTL were observed across populations. Only five QTL, for Tuber
Shape, Eye depth, Yellow Flesh Colour (two QTL) and Maturity were detected across all
three populations with at least one marker shared for each trait across all populations.
Another 15 QTL were detected either in the "no Meijer" sub-population (6) or in the "only
Meijer" sub-population (9). Eleven QTL were shared between the full panel and one of the
other two sub-populations. Ten QTL were detected with the full panel, but were not
significant in either sub-population.
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Identification of previously characterised QTL

Some of the traits evaluated here, were previously described in detail in the literature and
enabled us to validate our approach (Figure 7). Indeed, we identified a highly significant QTL
(-log1o(p-value)=14.36) on chr10 across the three phenotypic datasets for Tuber Shape,
which was detected both with SNP and haplotag markers (Figure 7, Suppl. File 7). This QTL
corresponds to the well described Ro locus (van Eck et al. 1994a; van Eck et al. 2022).

The well-known Y (Yellow) locus and the causal gene involved in yellow flesh colour beta-
hydroxylase (Chy2 or BCH) (Bonierbale et al. 1988a; Brown et al. 2006; Thorup et al. 2000;
Wolters et al. 2010), One isoform (PGSC0003DMG400009501) of the Bch gene was
reported to be located at 44.1 Mb in DMv4.03 (Pandey et al. 2022) and aligns with position
42.9 Mb on chr03 of the DMv6.1 reference genome sequence (Pham et al. 2020). We
identified one QTL for Yellow flesh colour on chr03 spanning the region from 44.04 Mb to
49.75 Mb (PotatoMASH loci C3_15 to C3_20), peaking at 47.03 Mb (PotatoMASH locus
C3_18) with LOD score (-log10(p-value)) of 44.66 for the significant marker
chr03_47024967 (Suppl. File 7). Two additional PotatoMASH loci on chr03 (C3_11 at 40.41
Mb; and C3_30 at 59.35 Mb) also showed significant associations with Yellow Flesh Colour.

Furthermore, we also detected a QTL for Maturity on chr05, peaking at 4.94 Mb
(PotatoMASH locus C5_6). The haplotag C5_6 0011010 and the three SNPs of this
haplotag (chr05_4941391, chr05_4941406 and chr05_4941464) were associated with late
maturity and the haplotag C5_6_0000000 with early maturity. This QTL is near to the region
containing StCDF1 gene (Soltu.DM.05G005140.1, chr05:4485531..4488495 DMv6.1),
which is well established as the gene largely responsible for the plant maturity in potato
(Kloosterman et al. 2013).
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Figure 7. Manhattan plots for the reference traits: Tuber Shape, Yellow flesh colour and Maturity. Top: analysis
with Haplotag data. Bottom: analysis with SNP data.

QTL for agronomic and morphological traits

18 of the QTL identified in this work were confirmed with previous QTL studies in potato at
the diploid and tetraploid level (Table 4). We also detected new QTL for complex traits not
yet reported before. In total, we discovered 19 novel QTL on eight chromosomes: Five QTL
on chr02 — two QTL for Skin Smoothness, one for Sprout Dormancy, one for Total Tuber
Number and one for Tuber Length. Four QTL on chr03 — one for Yield and one for Total
Tuber Number. One QTL on chr06 for Skin Smoothness. One QTL on chr07 for Chipping
Colour. Two QTL on chr08 — one for After-cooking Blackening and one for Cooking Type.
Two QTL on chr09 — one for Eye depth and one for Sprout Dormancy. One QTL on chr10
for Total Tuber Number. Two QTL on chr11- one for Eye depth and one for Total Tuber
Number. Three QTL on chr12 — one for Canopy stage 2 and two for Chipping Colour.

We detected a QTL for Canopy stage 2 (canopy coverage 10 weeks after planting) peaking
at the same PotatoMASH locus where the well known QTL for Maturity was detected, C5_6
(4.94 Mb). The significant haplotag, C5_6_0000000 was associated with earliness and lower
canopy cover while SNPs chr05 4941391 and chr05_ 4941406 were associated with
lateness and higher canopy cover. This association between maturity and canopy type is
also confirmed by the significant correlation between the phenotypic values of these two
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traits (r>= 0.41). The two additional QTL detected on chr01 and chr12 for early-stage canopy
development (6 weeks after planting), couldn’t be associated with plant maturity and seem
to be caused by genetically independent loci affecting canopy vigour.

The novel QTL for Yield was detected in chr03, locus C3_17 (46.06 Mb). It was identified in
both the full panel and in the sub-population “no Meijer” with a significant SNP
chr03_46058754 and with the haplotag specific to this SNP, C3_17_011000, both
associated with low yield. A QTL in this region was also detected for Total Tuber Number
with the same significant SNP and haplotag both associated with low Total Tuber Number.
This could be a new region associated with Yield and yield-related traits and is also
supported by the significant correlation between Yield and Total Tuber Number (r>=0.57).
Two additional PotatoMASH loci on chr03, C3_7 and C3_29 were associated with low Total
Tuber Number although we had not considered them separate loci in the QTL count.

Two additional novel QTL were detected for Total tuber number. One QTL on chr10 at locus
C10_12 (53.13 Mb) was identified only in the full panel but not in any of the sub-populations,
with a significant haplotag C10_12_00000100000 associated with low Total Tuber Number.
No SNP was significant. One QTL was detected on chr11 at locus C11_12 (37.67 Mb), for
the “no Meijer” sub-population only, with a significant haplotag C11_12_000100000
associated with low Total Tuber Number. No SNP was significant.

For Tuber Length, we detected one new QTL on chr02 at locus C2_4 (20.96 Mb), with the
significant SNP chr02_20959691 with a small positive effect associated with shorter tubers
(higher number of tubers per meter, TPM). This association is based on only 127 individuals
of the “no Meijer” sub-population. This could be another new region associated with Yield
and yield-related traits and is also supported by the significant correlation between Yield and
Tuber Length (r>=-0.19, high Yield correlates negatively with shorter tubers). A QTL for
higher Yield was also detected in the same locus, C2_4, but in the sub-population “only
Meijer” and with different SNPs/haplotags suggesting different origins of this locus.

Eye depth is a well-characterised trait and indeed we detected the well-known, large-effect
QTL on chr10 in our full panel, spanning across the PotatoMASH loci C10_6 to C10_10
(4.74 to 51.2 Mb) peaking at 50.32 Mb. The deep eye (Eyd) phenotype was found to be
associated with round tubers (Ro) (Li et al. 2005).The Eyd/eyd locus is located on chr10 and
is closely linked with the major locus for Tuber Shape (Ro/ro). In the QTL detected here, the
significant haplotags C10_8_ 0001111110, C10_9 011100000110110, C10_10_01010000
and SNP alleles chr10_49148246, chr10_49148293, chr10_49148305, chr10_49148316,
chr10_50323151, chr10_50323153, chr10_50323225, chr10_50323244 and
chr10_50323263, were all associated both with deep eyes and round tubers, being their
effects consistent with the genetics known (Li et al. 2005). In the opposite direction of effect,
we found C10_9 000101000100000 associated with flat eyes and long tubers. We also
detected a novel QTL for Eye depth on chr11 at C11_8 (8.19 Mb), with a significant SNP
chr11_8190769, associated with deep eyes. No specific haplotag was detected.
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Skin Smoothness is a complex trait, and many complementary factors influence tubers’ skin
texture, such as soil and climate (Clark 1933). Earlier genetic studies by De Jong (1981)
involved skin russeting as a phenotypic category, but in our panel no russeting phenotype
was observed. In our study, only the skin texture was phenotyped, using a scoring scheme
ranging from rough skin to smooth skin. Therefore, our study is the first to identify QTL for
Skin Smoothness with no russeting. We detected three QTL for Skin Smoothness: Two QTL
were detected on chr02: in PotatoMASH locus C2_8 (position 24.47 Mb) with the significant
SNP chr02_24470953 of the haplotag C2_8 0000001000, and in locus C2_13 (position
28.96 Mb) with the significant haplotag C2_13_100010000. Both QTL were associated with
smoother skin. The third QTL was found on chr06 at locus C6_3 (position 2.86 Mb), where
the haplotag C6_3_0000101-00 was associated with rough skin, but no specific SNP allele
underlying this haplotag was significant.

We detected a QTL for Sensitivity to Common Scab on chr06 at locus C6_18 (position 48.3
Mb). The significant haplotag C6_18_011111111110 was associated with susceptibility to
Common Scab. This haplotag allele was present in only three individuals of the sub-
population “no Meijer”. The specific SNP for this haplotag (the only SNP not shared by the
other haplotags in C6_18) was chr06_48297069, but was not statistically significant, most
likely due to high missing data in this position (70%). We present this marker allele here, as
a potential source for negative selection in future breeding, but further investigation needs
to be done for validation.

Cooking Type is a complex trait. Previous studies revealed multiple QTL on multiple
chromosomes: ch01, ch02, ch06, ch09, ch10 and ch011 (D’hoop et al. 2014; D’hoop et al.
2008; Kloosterman 2006). Our study is the first to report a QTL on chr08, at locus C8_21
(position 51.08 Mb), which was detected only for the “only Meijer” sub-population, with the
significant haplotag C8 21 0000000000 associated with flouriness. No SNP was
significant.

We detected five QTL for Chipping Colour measured after three storage conditions (Table
1). For Chipping Colour after storage at 8°C for 4 months before crisping, we identified one
novel QTL on chr12 at locus C12_11 (position 9.26 Mb) with the full panel. The significant
SNP allele, chr12_9258876, was associated with the dark colour of crisps. This SNP allele
is shared by a few haplotags, and none of these haplotags was significant.

For Chipping Colour after storage at 8°C for 6 months before crisping, we detected one QTL
on chr10 at locus C10_14 (position 55.08 Mb) with the sub-population “no Meijer”. The
significant SNP allele, chr10_55081844, with a positive effect was associated with a light,
pure colour of crisps. This SNP allele is shared by two haplotags, but none of the haplotags
was significant. A previous work with tetraploid clones collected from the breeding program
in Teagasc (Ireland) for ‘off the field’ fry colour, detected a large effect QTL on chr10 peaking
at 56.16 Mb in DMv6.1 (55.28 Mb in DMv4.3) (Byrne et al. 2020). Our significant SNP allele
at chr10 is at 55081844 bp is approximately 1Mb distance from the one identified by Byrne
et al (2020).
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Three additional novel QTLs for Chipping Colour were detected for storage at lower
temperature (4°C) for 6 months. One QTL mapped on chr03 at locus C3_17 (position 46.06
Mb) with the sub-population “no Meijer” with the significant haplotag C3_17_000010
associated with dark colour of crisps. Two other QTL were detected on this same locus for
low Yield and Total Tuber Number, but with a different haplotag, C3_17_011000. Related to
this, we found a negative correlation between Yield and Chipping Colour 2_4 (r?=-0.23). We
observed that only a small portion of the population (~4%) was heterozygous for those two
alleles, possibly affecting this correlation, but we didn’t find a significant correlation between
Chipping Colour and Tuber Number. The second QTL associated with a light, pure colour
of crisps was detected on chrQ7 at locus C7_23 (position 50.94 Mb) with the sub-population
“only Meijer”, specifically with the significant SNPs alleles chr07_50949343 and
chr07_50949356. Those two SNP alleles are in complete LD but are dispersed in many
haplotags and no haplotag resulted statistically significant. The third QTL was detected on
chr12 at locus C12_9 (position 7.44 Mb) using the full panel, with the significant haplotag
C12_9 0010010001100 associated with a darker colour of crisps. No SNP allele was
significant.

It is useful to remember that the germplasm panel is derived from several independent
commercial potato breeding programmes. We did not do an extensive analysis of each
population source separately, but the fact that some QTL were exclusively discovered in
one or the other of the "sub-populations"”, suggests that beneficial alleles in one population
may have the potential to augment genetic gain in populations lacking those alleles
(alternatively, in some populations, during the breeding efforts, those alleles were
successfully purged, or simply never possessed some undesired effect alleles). For
example: the four significant SNP alleles and haplotags, chr09 61254396,
chr09_62045322, C9_21_000100010100 and C9_23_000001, all associated with the
undesirable trait of deep eyes in the QTL EYE_C9_21-C9_23, were only found in the “only
Meijer” sub-population. Those markers co-segregate in the same 25 individuals (~13%) and
it is possible that they all originated from the same source with deep eyes. On the other
hand, in the “no Meijer” population, the SNP chr09_61254396 is present in 11 (~3%)
individuals, the SNP chr09_62045322 is only present in seven individuals (~2%), the
haplotag C9_21_000100010100 is present in 9 individuals (2.4%) and C9_23 000001 is not
present at all. This suggests that the two sub-populations don’t share the same ancestor or
that the subpopulation “no Meijer” have successfully selected against this negative allele.
Another example is in the significant haplotag C6_18 011111111110 associated with
susceptibility to common Scab that is only present in three individuals in the “no Meijer” sub-
population.

Differences in QTL detected with SNPs vs. haplotags

14 of the QTL were detected by haplotags only, 13 QTL were identified with SNP data only,
and 10 QTL were discovered with both SNPs and haplotags. To gain a better understanding
of the ability to detect QTL with either SNPs or haplotags, we manually re-examined all
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individual QTL. We observed that in most cases of QTL detected with the haplotags only,
the significant haplotag presents a specific composition of SNPs, but each individual SNP
is dispersed across multiple haplotags of different SNPs compositions. In Table 5, we
present four examples of this phenomenon. This is also visible when looking at the dosage
effect of the markers. One example for this is the new QTL discovered for Skin Smoothness,
where the significant haplotag C6_3 0000101-00 has negative effect, while none of the
underlying SNPs have a significant effect nor the other haplotags composed by the same
SNPs (Figure 8). In the opposite scenario of the QTL detected only with the SNP data, we
observed that the significant SNP was shared in many haplotags (Table 6), which have a
lower frequency in the population than the frequency of the significant SNP. To understand
this phenomenon, we looked at the minor allele frequency of both SNPs and haplotags and
observed that the minor allele frequency in the case of the SNPs is greater than 1% for most
SNPs. When looking at haplotags, the frequency of individual haplotypes is much lower,
with approx. 1200 of the haplotags have a frequency below 1% (Figure 9).

Table 5. Four examples of QTL detected by one unique haplotag and not with any of its constituent SNPs. The
number of individuals carrying each SNP/haplotag allele is indicated within brackets.

Non-trait-associated

Trait Significant haplotag underlying SNPs haplotags sharing the same
(number of individuals)  (number of individuals) underlying SNPs (number of
individuals)

C11_12_000101000 (5)

Total tuber C11_12_001100000 (11)

C11_12_000100000 (63)  chr11_37673981 (189)

number C11°12_010100000 (1)
C11_12_010101000 (138)
C6_3_0000100-00 (329)
chr0B_2681972 (549) C6_3_000010000- (1)
Skin chr06_2681990 (163) €6_3_0000100000 (182)
Smoothness C0-3-0000101-00 (9) deletion_chro6_2681999 ~ C8-3-0000100001 (38)
a0 C6.3_0000110100 (29)
C6_3_0011101-10 (148)
C6_3_0100100000 (42)
Skin C2_ 13000010000 (164)
C2_13_100010000 (15)  chr02 28958095 (310)  C2_13_000011000 (11)
Smoothness

C2_13_001011000 (126)

C12_9_0010010011100 (7)
C12_9_0010011001110 (38)
C12_9_0010011001110 (108)
C12_9_0011010011100 (11)
C12_9_0000010000000 (64)
C12_9_0001010000000 (8)

C12_9_0001010100000 (97)

chr12_7435710 (464)
Chipping C12_9_0010010001100 chr12_7435746 (531)
Colour 2_4 (214) chr12_7435801 (423)
chr12_7435802 (464)
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Table 6. Six QTL detected with SNPs but not with the haplotag dataset, and all the haplotags composed by
those SNPs. The number of individuals for each SNP/haplotag are given within brackets.

Trait QTL Significant SNPs Haplotags sharing this SNPs
(number of individuals)  (nhumber of individuals)
C3_30_0000100 (12)
53“’::t“er DMC C3_30 chr03_59353418 (40) 82—28—81 ]8](1)8 g?)
C3.30 0111100 (3)
g:ligfr";‘ia QDC1 8C12 11 chr12 9258876 (281) 812:] 2:81 oo Eggf’)

C3_29 00100010 (409)
C3_29 00101010 (5)
Total tuber chr03_58369063 (458)  C3_29_00110010 (69)

number TN 329 chr03_58369113 (550)  C3_29 01110010 (29)
C3_29 01110110 (2)
C3_29 01111110 (293)

Total tuber C3_7_0001110 (21)

Total tuber 1N c3_7 chr03_37250410 (191)  C3_7.0011110 (143)

C3_7_0101010 (29)

C11_8_00100111000 (84)
Eyedepth EYE C11_8 chr11_8190769 (239) C11_8_00100111100 (82)
C11_8_01101111000 (73)

C7_23_000111000 (71)

- C7_23_010010000 (2
Chipping  opca 4 c7_23 CEF87-58328242852; C7_23_010110000 532))
olour — = chr07_5 56 (15 Ton
_ = C7_23_010110010 (45)
C7_23_010111000 (3)
Discussion

Genetic improvement of potato at the diploid level is experiencing a resurgence, largely
driven by the use of alleles that can overcome the gametophytic self-incompatibility system
in diploid material, allowing the development of strategies to rapidly accumulate and fix traits
in @ manner not possible at the tetraploid level. The primary goal of this study was to
genetically characterize a large pool of diploid potato breeding material that is at the
foundation of the diploid breeding efforts of several commercial breeding programmes that
are engaged in a collaborative initiative towards innovative potato breeding schemes,
combining the analytical breeding strategy (Chase 1963), which makes use of diploids to
facilitate genetic studies and selection before returning to the tetraploid level through
interploidy crosses, with self-compatibility.

Phenotypic data

The diploid clones used in this study represent a very diverse collection and the commercial
traits display a wide range of phenotypic trait values. In Table 2 we show that for each trait
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the full scale of trait values was observed, indicative of primitive material, primary dihaploids
with compromised vigour, as well as elite material. On average poor trait values were
observed for quality traits such as discolouration due to Enzymatic Browning and Chipping
Colour; notoriously difficult traits to improve. Most clones displayed the firm Cooking Type,
which is negatively correlated with (and largely due to) low values for Dry Matter Content.
Canopy development, Tuber Shape and Sprout Dormancy are among the most diverse
traits. Most clones had relatively round and uniform Tuber Shape and late Maturity. Late
maturity is considered beneficial to obtain an extended period of flowering, which facilitates
making crosses during the breeding program, which may explain its prevalence in early
stage pre-breeding material. However, early maturity is desirable for several market classes
of potato. Since early maturity is largely controlled by a single large-effect quantitative trait
locus, the effort to regain early maturity should be relatively easy as material advances to
more commercial status over cycles of selection (Song and Endelman 2023).

Broad sense heritabilities varied mostly between moderate to high values, ranging from 50
to 90% across all traits. Sensitivity to Common Scab had, on average, the lowest H? across
companies (50%), suggesting either low reproducibility of disease development across
years due to lack of exposure to the pathogen, environmental factors, or that different trial
fields used across years are infested by different isolates. This is also visible with the
performance of the controls over the years and between companies, where we can see a
large variance in the scoring of Sensitivity to scab even in the same year and the same
company (Suppl. File 3). Moderately low average H? values, ranging between 60-75%, are
typical for traits such as Presentability of Tubers, Skin Smoothness, Skin Brightness and
Tuber Regularity, which have a somewhat ambiguous trait definition and a scale that is not
objectively measurable, but rather a result of the so-called “breeders' eye". Despite the
potential subjectivity of these scores, the H? values obtained suggest high repeatability.
Genomic heritabilities were also calculated (Suppl. File 10) to catch a more accurate
estimate than the average presented in Table 2. However, the results were much lower than
expected, with, for example, heritability for tuber shape of 0.41 and 0.4. It could be that the
tools available to calculate genomic heritability are not suited to the low number of marker
sets we use in this study. This should be explored further in future analyses.

Correlation analysis of all the trait pairs was performed to examine associations between
traits (Figure 2). The traits of Skin Smoothness and Skin Brightness, albeit representing a
subjective breeder's score, show the highest correlation of 0.76, suggesting that the trait
definitions are somewhat arbitrarily different, or share similar underlying aspects. Both traits
also correlate with Yellow Skin Colour (0.48 and 0.56), where darker skins imply thicker skin.
Another pair of traits: Tuber Regularity and Presentability show a Pearsons correlation of
0.66. This is not unexpected because Regularity is an aspect within Presentability, along
with Eye depth (r? = 0.43 and 0.46). Three processing traits related to Chipping Colour also
show high pairwise correlations (0.59, 0.71, 0.75), suggesting that the storage regime of
tubers, causing cold sweetening, is less important than the initial Chipping quality at harvest.
Byrne et al. (2020) made a similar observation on a similarly sized population of tetraploid
breeding clones from a single commercial breeding programme. In this diploid gene pool,
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an unexpected positive correlation of 0.57 was found between Yield and Total Tuber
Number. Such a correlation would be rather unexpected for a panel of varieties, selected for
yield above a certain threshold. Maturity and Canopy development also show expected
correlations where late maturity leads to bigger canopies at both stages (0.34, 0.41) and the
Canopy-Yield correlation was 0.25 and 0.46. However, the negative correlation between
Yield and Maturity is unexpected (-0.25). Canopy stage 1 and Canopy stage 2 correlates
with Total Tuber Number (0.18 and 0.37), which could be due to a common plant
architecture, where stronger above- and below-ground branching patterns or stems and
stolons may contribute to larger canopy cover and tuber number.

In general, this "snapshot" of the extent of phenotypic diversity in this genepool suggests
that variability exists for most important agronomic and quality traits, and further selection in
all or individual parts of the panel is expected to allow improvement. In terms of the use of
this material in strategies involving inbreeding, we also surveyed the material for the
presence of diagnostic KASP markers for the Sli locus as described by Clot et al, (2020),
and found that Sii is relatively common in the material, present in 17.5% of the individuals
(data not shown). The presence of this locus throughout the material means that efforts to
introgress it from exotic sources, with the accompanying issues such as increased
timescales of the breeding process and potential linkage drag of unfavourable loci, are
unnecessary.

The germplasm panel is actually composed of material from six different breeding
programmes from The Netherlands, Germany, Denmark and France. These programmes
have a mixture of market class targets, including starch, table (domestic and export),
processing (crisps and French fries) and speciality (e.g. salad) potatoes. Genome wide
marker studies in the European cultivated potato genepool have previously shown some
stratification for geographic origin of breeding programme and utility class (Uitdewilligen et
al. 2015). However, this assessment is not strong, probably due to the relatively recently
shared pool of progenitors of the material. When we examined the population structure of
our panel, we found two highly distinct groups, one characterized by material from the
breeding company Meijer and the other comprising all other material. This is interesting
given the fact that diploid material from many Dutch breeding companies, including Meijer,
has often originated from the diploid pre-breeding programme at WUR, whereas these
groups were quite distinct in our analysis. Whilst we treated the panel as two subpopulations
for some analyses on this basis, there was also some visible stratification (along the second
principal coordinate in Figure 5) between the other companies. This did not correspond to
either market class or geographical location of the programme.

In this experiment, different sets of diploid potato clones were grown at different locations,
and trait values were evaluated by different observers. The same two or four control varieties
were included in each trail to allow a fair comparison of phenotypic values. D’hoop et al.
(2011) already compared phenotypic means from different experimental designs. One of
their approaches made use of historical observations, on company specific candidate
varieties, retrieved from breeders field books. In their other approach, all clones (now

90



GWAS

released as variety) were grown together in a balanced trial with two locations (sandy and
clay soil), both with two replications. That study showed that either a single-year balanced
field trial, or multi-year-multi-location breeders’ records yield robust phenotypic information
that can be used in a genome-wide association study (D’hoop et al. 2011). In this study, the
differences between company specific panels of diploids were controlled with structure. In
particular the material offered by Meijer was also treated separately. Regarding location
differences, in terms of plant material and environmental conditions, the locations may have
added variance to the error term and we may have lost some power but also false negatives.

GWAS with an amplicon sequencing technique and short read haplotypes

As mentioned earlier, the primary goal of the study was to characterize the foundation
breeding material that will contribute to future diploid breeding approaches focused on trait
fixation through inbreeding in potato. We focused on agronomic and quality traits that
breeders routinely monitor during selection in order to develop a capacity to increase the
effectiveness of this process using genome-based methodologies in future. Based on the
marker-inferred population structure, we preformed six QTL discovery analysis: for the entire
population, the two sub-populations and with the two marker sets, SNPs and haplotags. We
identified a total of 37, non-redundant QTL. Discovery of these QTL in the population gives
us the potential to manipulate their configuration in future material, for instance, to
accumulate and fix beneficial alleles or eliminate detrimental alleles. One potential problem
with this approach in previous GWAS studies is that associated SNP markers, whilst
associated with traits, may still be dispersed amongst different haplotype blocks in which the
effective allele underlying the trait is also variably present. In addition to QTL discovery
within this pre-breeding panel, the study also allowed us to further explore whether the multi-
allelic discrimination power of PotatoMASH short read haplotypes (haplotags) can resolve
this. The general approach certainly seems promising.

An average of approximately 9 haplotags was observed per PotatoMASH locus (range 2-
30). This exceeds the average number we previously detected in a panel of tetraploid
breeding clones (average of 6, range 2 to 14) (Leyva-Pérez et al. 2022). This greater
diversity may result from the wider set of utility classes being surveyed, and because at least
some of the diploid material is the result of introgression breeding for resistance loci from
wild species. In our previous study on the tetraploid panel, we empirically illustrated the
hypothesis that haplotags better represent the actual underlying allelic variation at a locus
and may offer advantages over bi-allelic SNPs for QTL detection. We posited that this was
due to better representation of regions of identity by descent harbouring the causal allelic
variant of the QTL, and that haplotags are more likely to be in LD with allelic variants of
genes with an effect on trait values. Conversely, some or all of the component SNPs may
be dispersed across multiple haplotypes, some of which are not in LD with the effective QTL
allele.

In our study, 14 of the QTL were detected by haplotags only, 13 QTL were detected with
SNP data only, and 10 QTL were detected with both datasets. We found that in most cases,
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these differences were due to the genetic architecture: the first situation of QTL detected
with the haplotags data only, which was our original expectation, occurs when more unique
haplotags are in greater LD with QTL causal alleles, whereas the bi-allelic SNPs were
dispersed across multiple haplotags, some of which were not in LD with the effective QTL
allele (Table 5, Figure 8).

A marker allele has to be present at sufficient frequency to support association via a
statistical test. We observed much higher number of rare haplotags in our population than
low-frequent SNPs (Figure 9). Therefore, for some traits, we will fail to identify statistically
significant associations with haplotags with very low frequencies, which can result in the
opposite phenomenon, where a QTL is only identified with SNP data. Only when a haplotag
coincides with a haplotype specific SNPs their power to detect a QTL is equal.

Technical limitations affecting the power of QTL detection

The ability to detect QTL with one marker type over the other also depends on the analytical
tools we use. In specific cases, we encountered that some features of our genotyping
platform limited the QTL detection either with the haplotag dataset or the SNP dataset

1) PotatoMASH regions are designed to be single copy based on the DM reference genome.
However, if some potato clones possess duplications with allelic variants of these regions,
the reads of both copies may map back to the single copy reference genome sequence
region during read mapping (since DM is also used as the reference sequence). This may
be difficult to see in the SNP data, but can cause more than the expected two haplotypes in
individuals with the duplication. SMAP will reject calling haplotags in these cases, assigning
a missing value to that individual, and effectively filtering out instances in which this occurs.
For example, in region C8_18, we detected a QTL for Enzymatic Browning in the Meijer
population with the haplotag data, but not with SNP data. The SMAP locus correctness score
of C8_18 was 60, suggesting the existence of additional read variation mapping to that locus
(more than 2 haplotypes) that couldn’t be explained as a single bi-allelic locus for 30% of
the individuals. Thus, the SNP calling in this locus would be wrong, but SMAP correctly
rejected calling haplotags for this locus in those individuals and the association for
Enzymatic Browning in this locus is based on the remaining 60% of the population.

2) A SNP allele is significant and is in LD with one haplotag but the haplotag is not significant.
Close inspection of the two QTL where this occurred showed that the significant SNP allele
was present in a low number of individuals and associated as a minor effect QTL allele, for
which the logarithm of the odds-score (LOD-score) was just above the threshold (Suppl. File
6). In this case, if some individuals have missing data for that locus, the haplotag cannot be
called and results in a missing value. Therefore, the LOD-score of the specific haplotag may
not pass the significance threshold. This could affect in two ways, either that asymmetric
missing data play a role, where one allele suffers more missing data or in a symmetric way
that both alleles suffer the missing data and the amount of data is simply too low to form a
strong statistical test. One example for that is the SNP chr02_20959691 that was significant
for Tuber Length at locus C2_4, but there was a lot of missing data for both markers sets in
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this position, so the association is based on 127 individuals. The haplotag
C2_4 0001000000 is specific to this SNP but was not significant; we observed that out of
those 127 individuals, SMAP failed to call haplotags for 11 individuals in this locus and this
probably affected the mean phenotypic score of the allelic categories, and the association
that was already weak in the first place, was lost when using haplotag data.

Conclusions

Although we do not view the number of SNPs we used as “optimal” for GWAS, we were, in
fact, testing the hypothesis that haplotags would detect loci not detected by the component
SNPs that were used to derive them. We conclude that short read haplotags can detect
additional QTL not detectable by individual SNPs, but that, for the various reasons outlined,
the opposite is also true. Thus, the approach we adopted, utilising both sets of data (even
though one is derived from the other) is the most optimal for QTL detection. One obstacle
we faced when using haplotags for the GWAS is that we had to use them as "pseudoSNPs"
to employ standard analysis software, and in this study, we have not explored the full
potential of the multi-allelic nature of the haplotags. From both a genetic and practical
breeding point of view, it would be interesting to gain a better understanding of the nature of
allelic interactions within and between loci. Recently, Thérése Navarro et al. (2022)
developed a software, mpQTL, for QTL analysis at any ploidy level under biallelic and
multiallelic models, but for multiparental populations. Their approach was demonstrated with
simulated data of short-range haplotypes of autotetraploid multiparental populations.
Combining approaches like this with real-world data of higher genetic diversity panel like the
current study, will give insights into the genetic control of traits in highly heterozygous
systems.

The increased precision offered by the new paradigm in potato breeding means that
genome-based tools will become more effective in augmenting selection, allowing the
"shepherding" and subsequent fixation of multiple desirable alleles into single genotypes (or
the elimination of detrimental alleles). To this end, we have characterised a panel partially
representative of the foundational genepool of the future of diploid breeding across several
potato-breeding programmes involved in collaborative efforts in this area.

The availability of low-cost, medium-density genotyping approaches capable of generating
genome-wide multi-allelic marker data in potato (e.g. PotatoMASH in this study, or the
Potato DArTag EiB 1.0 generated by CGIAR https://excellenceinbreeding.org/) demonstrate
that it is becoming feasible to implement such systems in breeding selection, implying the
routine application to thousands of individuals per annum. These marker panels are also
amenable to the addition of trait-specific markers, such as those targeting disease and pest
resistance loci. We envisage a future where such assays can be used for a combination of
marker assisted selection, genomic selection and monitoring the genomic constitution of
inbred lines in terms of global and local homo/heterozygosity in potato breeding.
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Abstract

Diploid potato breeding is frequently challenged by residual heterozygosity (RH), which
impedes the generation of pure inbred lines for F1 hybrid production. Fixation-Restitution
Breeding strategy (Fix-Res), which employs RH to optimize beneficial traits, is a promising
alternative. Maintaining heterozygosity throughout the inbreeding process is crucial to its
success. In this study, we used a multiplex amplicon-sequencing assay (PotatoMASH), in
conjunction with read-backed haplotyping, as an effective tool for tracking homozygosity in
diploid breeding. Utilising a collection of 271 inbred diploid clones from the Wageningen
diploid breeding program, we obtain a "snapshot" of the genetic composition shaped by over
40 years of breeding efforts. Furthermore, we examine a self-compatible individual lineage
from the program to identify key hotspots of homozygosity across chromosomes. Our results
demonstrate that multiplex amplicon sequencing with read-backed haplotyping, through
haplotag construction, provides a more accurate and reliable measure of homozygosity
compared to traditional SNP-based methods, without the requirement for parental genomic
data. In S3 progenies, we observed average homozygosity levels of 82-83.4% for Identity-
by-State (IBS) and 72.6-74.8% for Identity-by-Descent (IBD), which were lower than
anticipated. Hotspots of heterozygosity were detected across all chromosomes, with
chromosome 5 entirely heterozygous across three generation of selfing and chromosome
11 reaching full homozygosity in one S3 progeny. This absence of homozygosity on
chromosome 5 may be associated with reproductive-related QTLs and genes that favour
the heterozygous state due to potentially deleterious alleles. These findings demonstrate
the potential of assays such as PotatoMASH to effectively track and optimize heterozygosity
in Fix-Res breeding programs.
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Introduction

The conventional breeding scheme for developing improved potato varieties primarily
targets tetraploid cultivars, relying on clonal selection of segregating offspring from two
highly heterozygous parents. However, beneficial allele combinations from the parental
genotypes often disassemble during meiosis, and recombination of favourable alleles in the
offspring becomes a challenging probabilistic process, leading to slow genetic gains over
time. In contrast, diploid breeding can potentially simplify this process due to less complex
allelic combinations, enabling more efficient selection against undesirable alleles. Thus,
diploid breeding offers a promising alternative to conventional tetraploid breeding by
enhancing both the efficiency and speed of genetic progress.

In many crops, the development of inbred lines for diploid breeding is routine, but in diploid
potato, breeders face two major challenges. The first obstacle is the self-incompatibility of
most diploid clones, a problem that has been the focus of extensive research (De Jong and
Rowe 1971b; Hosaka and Hanneman 1998b; Hosaka and Hanneman 1998a; Lindhout et
al. 2011; Olsder and Hermsen 1976; Phumichai and Hosaka 2006). The identification of the
Slilocus at the distal end of chromosome 12 by Hosaka and Hanneman (1998a, 1998b) was
a breakthrough in understanding self-compatibility in potatoes. More recently, Clot et al.
(2020) found that the SIi haplotype is widespread in both tetraploid varieties and diploid
cultivated germplasm and developed KASP markers specific to this haplotype, which have
been rapidly adopted by the potato genetics community (Kaiser et al. 2021; Song and
Endelman 2023; Sood et al. 2024). The second and more challenging hurdle is inbreeding
depression, which occurs when deleterious recessive alleles are exposed during self-
fertilization, resulting in a loss of vigour and fertility. This limits the potential for continuous
selfing in potatoes (Charlesworth and Willis 2009; De Jong and Rowe 1971b; Krantz 1924;
Krantz 1946).

Over a decade ago, the F1 hybrid breeding scheme was introduced for potato (Lindhout et
al. 2011), and since then several research groups worldwide have initiated programs to
enhance the effectiveness of recurrent selection by breeding potato at the diploid level
(Bradshaw 2022; Song and Endelman 2023; Sood et al. 2024; Stokstad 2019; Zhang et al.
2022b; Hosaka and Sanetomo 2020; Jansky et al. 2016), utilizing self-compatible diploids
in F1 hybrid breeding. For this breeding method, highly inbred parental genotypes are
hybridized to produce uniform F1 botanical seed as propagating material, with any residual
inbreeding depression being dealt with by exploiting the effect of heterosis (De Jong and
Rowe 1971a; Lindhout et al. 2011). However, initiating F1 hybrid breeding in potatoes
requires the development of near or complete homozygous inbred lines. While higher
homozygosity can be achieved through several generations of selfing, studies show that
advanced selfed generations suffer from inbreeding depression, resulting in reduced vigour,
slower growth, and fertility-related issues, such as poor flowering (Hosaka and Sanetomo
2020; Peterson et al. 2016; Phumichai and Hosaka 2006; Zhang et al. 2019; Wu et al. 2023).
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On the contrary, maintaining some level of heterozygosity has been shown to improve traits
such as yield, tuber number, and reproductive performance, with fertility selection favouring
more heterozygous plants (Marand et al. 2019; Phumichai et al. 2005; Peterson et al. 2016).
This suggests that a certain level of heterozygosity might be essential for maintaining fertility
and minimizing inbreeding depression. However, this concept clashes with the principles of
F1 hybrid breeding, where highly inbred parental components are required to produce
uniform F1 true seeds. This divergence highlights the ongoing challenge of balancing the
need for inbreeding depression control with the requirement for homozygosity in potato TPS
(True Potato Seed) parent breeding programs.

Clot (2023) presents a novel strategy called Fixation-Restitution Breeding (Fix-Res
Breeding). This approach captures many of the benefits of diploid potato breeding but makes
the process compatible with breeding at the tetraploid level. In the first step, similar to diploid
F1 hybrid breeding, the diploid potato is rendered self-compatible by introgression of the
single dominant self-compatibility gene (S/i), allowing inbreeding and recurrent selection to
accumulate and fix beneficial alleles. Unlike traditional F1 hybrid breeding, the diploid
potato's ability to produce unreduced gametes through chromosome restitution is utilized in
the second step, where interploidy crossing between the diploid and a tetraploid occurs,
ensuring a complete transfer of the chromosomal content from the diploid to the tetraploid
progeny population. This feature is a significant advantage of Fix-Res Breeding, as it
ensures the preservation of beneficial alleles from the diploid parent, even if they are in a
heterozygous state. By maintaining higher heterozygosity, this strategy promotes traits that
benefit from genetic diversity. Ultimately, it combines the advantages of heterozygosity with
the compatibility of tetraploid breeding, making it a promising approach for potato
improvement.

In diploid potato breeding, accurately tracking heterozygosity throughout the process is
useful regardless of the chosen breeding strategy. Despite potatoes being known for their
high heterozygosity, limited published data quantifies this trait at both the diploid and
tetraploid levels. With the rise of next-generation sequencing technologies and available
SNP data, an increasing number of studies have begun genotyping larger panels of potato
clones to estimate heterozygosity. Methods for estimation vary, with some using SNPs as
direct markers (Lindhout et al. 2011; Peterson et al. 2016; Leisner et al. 2018; Hosaka and
Sanetomo 2020; Jansky et al. 2014), while others align SNPs into bins or generate parental
haplotypes (Song and Endelman 2023; Zhang et al. 2021; van Lieshout et al. 2020; Marand
et al. 2019). Some studies report high levels of homozygosity achieved through generations
of selfing, such as 97% homozygosity in S5 plants (Zhang et al. 2021), 90% and 95%
homozygosity in diploid S7 clone M6 (Leisner et al. 2018; Jansky et al. 2014), and even
complete homozygosity in S10 and S11 plants (Hosaka and Sanetomo 2020). However,
these findings contrast with reports of residual heterozygosity (RH). For instance, a recent
study on the self-compatible diploid S9 clone “Solyntus” found that 20% of its genome
remained heterozygous (van Lieshout et al. 2020).
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These discrepancies may stem from differences in how heterozygosity is measured and the
lack of standardized methods for estimating it in potato populations. A key distinction is
whether homozygosity is assessed based on identity-by-state (IBS) or identity-by-descent
(IBD). IBS refers to alleles that are identical in sequence regardless of their ancestral origin,
while IBD refers to alleles that are both identical and inherited from a common ancestor
(Powell et al. 2010). In the context of homozygosity estimation, IBS assumes that loci
appearing homozygous in the parent are inherited identically in the offspring, which can lead
to overestimation. In contrast, IBD-based approaches may exclude such loci unless both
alleles are confirmed to be inherited from the same ancestral source, potentially
underestimating homozygosity. The choice between these two approaches, and the
presence or absence of parental information, may therefore underlie the observed
inconsistencies in heterozygosity estimates across studies. This highlights the need for
standardized methods that consider data availability and study design to ensure
comparability and accuracy in breeding research. In the present study, we applied both IBS
and IBD homozygosity estimates during our analysis, which allowed us to determine which
approach was more reliable given our dataset and breeding design.

In a previous study (Leyva-Pérez et al. 2022), we developed PotatoMASH, a high-
throughput, cost-effective marker system designed for genome-wide genotyping in potato
populations. PotatoMASH utilizes a multiplex amplicon sequencing approach followed by
deep next-generation sequencing (2x150bp lllumina), targeting 339 loci and generating over
2000 SNPs due to the high SNP density in potato germplasm. Additionally, tools for read-
backed phasing (Schaumont et al. 2022) are used to generate short haplotypes (165-180bp)
that capture allelic diversity at each locus. Designed to be cost-effective, PotatoMASH is
suitable for routine use in potato breeding applications. In a previous study, we
demonstrated the system's efficiency in diagnosing targeted pest-resistance markers
(Leyva-Pérez et al. 2022), detecting multiple quantitative trait loci (QTLs) through genome-
wide association studies (GWAS), and tracking variation in a diploid segregating population
(Leyva-Pérez et al. 2022; Vexler et al. 2024). In the present study, we aim to evaluate the
effectiveness of PotatoMASH, specifically the short-read haplotypes (haplotags), in
assessing changes in genome-wide homozygosity and inferring selfing rates in breeding
material. A key focus of this research is to trace RH regions, which are critical for the
preservation of beneficial alleles that may be maintained in repulsion with deleterious alleles
(Jansky et al. 2014). This analysis will play a crucial role in the development of Fix-Res
recurrent parents, ensuring that favourable allelic combinations are retained during the
breeding process, thereby improving the efficiency and outcomes of potato breeding
programs.

Almost forty years ago, the Institute for Plant Breeding (IVP) at Wageningen University
initiated its diploid potato breeding program. The genetic composition of this material was
derived from S. tuberosum (about 50%), S. phureja (about 40%), and more than 10 wild
species (about 5-10% in total). In the current study, we aimed to analyse the genetic
composition of clones derived from this long-term diploid breeding program. Additionally, we
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focused on a self-compatible lineage from the program that underwent recurrent self-
pollination up to the S3 level through single seed descent. The objective was to assess the
extent and distribution of homozygosity across the selfing generations and identify regions
of persistent RH, which are likely critical for maintaining the viability, fertility, and vigour of
selected traits throughout the breeding process.

Materials and methods

Plant materials
The diploid breeding germplasm

A diverse sample of 271 clones was selected from the diploid potato breeding program at
Plant Breeding, Wageningen University & Research (PBR-WUR), representing different
breeding stages: 198 parents, 60 S1 individuals, 10 S2 individuals, and 3 S3 individuals
(Suppl. File 1). The inbred program at PBR-WUR follows a 2-3 year generation cycle:

Year 1: Selfing of clones
Year 2: Raising of true seedlings and visual selection of vigour and tubers

Year 3: The best true seedlings from Year 2 are planted in the crossing greenhouse for
further selfing.

Each clone progresses through this cycle individually. While selfing occurs in both Year 1
and Year 3, these refer to different generations within the same lineage — i.e., Year 3 marks
the beginning of the next selfing generation.

Implicit to this approach is that parental clones are self-compatible and have good male and
female fertility. In addition to selfing, various crosses are made, such as backcrosses (P x
S1), hybridisations of related/unrelated first generation (S1 x S1), or second generation
inbreds (S1 x S2). While most inbred clones performed well for certain traits inherited from
their parents, none exhibited strong performance across all traits. In cases where vigorous
and well-tuberizing inbreds were obtained but struggled to self, these clones were
backcrossed to the parent or with other selfing-capable clones. This strategy was employed
because we believe such crosses offer a better starting point than strict selfing to proceed
with this program. The aim of the program is the development of fertile and self-compatible,
partially inbred clones that have already reached fixation of more beneficial alleles as
present in the parent.

For the purpose of this study, 198 individuals are considered parents, even though they are
somewhat inbred and are actually crosses of related parents, meaning their expected
homozygosity will be higher than zero. The diploid program is represented as a pedigree
network in Suppl. File 1.
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Experimental progenies

Next to the unstructured panel of inbreds from the breeding program we developed
experimental offspring from clone IVP92-030-14, to generate 173 inbred offspring, including
37 S1 individuals, 48 S2 individuals, and two S3 families, with 41 and 48 individuals each,
as outlined in Figure 1.

For clarity, the 271 individuals from the PBR-WUR breeding program will be referred to as
the diploid breeding germplasm throughout the study, while the inbred offspring of IVP92-
030-14 will be referred to as the experimental progenies.

P | IVP92-030-14

36 51 genotypes
S1 | IVP92-030-14-3 (SB50-001)
46 S2 genotypes
S2 SB87-072-P | SB87-073-P (SB75-012)
v ¥ O Genotyped
53 41 S3 genotypes of 48 53 genotypes [ reconstructed parents
(sB87-072) (SB87-073) ) Selfed

Figure 1. Pedigree of the experimental progenies derived from IVP92-430-14. The parental individuals of the
two S3 families were not maintained. Based on the genotypes of their offspring the genetic composition of
SB87-072-P and SB87-073-P was reconstructed.

Genotyping with PotatoMASH

Leaf material was sampled, freeze-dried and stored with silica gel until use. Approximately
5 mg of dry tissue was used to extract DNA with Mag-BIND® Plant DNA DS Kit (Omega-
VWR M1130-00, Philadelphia, USA), using the KingFisher Flex automated extraction &
purification system (Thermo Scientific, Austin, TX, USA).

PotatoMASH libraries construction and SNP calling was performed as in Leyva-Pérez et al.
(2022) (https://www.protocols.io/view/potatomash-library-construction-e6nvw53zdvmk/v2) with the
final adjustments to the bioinformatics pipeline as in Vexler et al. (2024) using the DMv6.1
reference genome (Pham et al. 2020).

For haplotag calling, we utilized the SNP-based haplotag calling approach with the
haplotype-sites function of the SMAP software (Schaumont et al. 2022), combined with
discrete genotype calling, which were then used as presence-absence markers.
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Data analysis

All statistical analyses, data mining and visualizations were performed using R version 4.2.1
unless otherwise specified in results.

Admixture with single foreign pollen grain can distort our analysis, and therefore a paternity
test was performed on the experimental progenies using the haplotag data before
proceeding with further analyses. Three individuals were identified as erroneous due to
marker scores, indicating that they cannot be offspring from the assumed parent and were
removed from further analysis.

For the S3 individuals in the experimental progenies, the parental clones SB87-072-P and
SB87-073-P were not available for genotyping, so the genotypic data for these parents were
inferred based on the offspring’s genetic information. For loci that showed no segregation
(i.e., present in at least 95% of the offspring), we assumed the parents' genotype to be
homozygous and identical to that of the offspring. For loci exhibiting segregation, we inferred
the parents' genotype to be heterozygous. Markers with more than 50% missing data were
considered missing for the corresponding parent.

Analyses were conducted in terms of observed and expected homozygosity. The observed
homozygosity was calculated by differentiating between Identity By State (IBS)
homozygosity and Identity By Descent (IBD) homozygosity, as specified below.

For each individual clone, the number of homozygous (dosage 2 for haplotags, and both
dosage 2 and 0 for SNPs) and heterozygous (dosage 1) loci were counted. The observed
IBS homozygosity was estimated as the proportion of homozygous loci to the total number
of genotyped loci. The observed IBD homozygosity was estimated using a subset of loci that
were heterozygous in the parent. The IBS estimates represent the upper boundary and the
IBD estimates the lower boundary of the true homozygosity.

Expected homozygosity for inbreds was derived from a simple Mendelian model, assuming
no selection. In this model, the number of heterozygous loci was expected to decrease by
50% in each generation. A chi-square test (a = 0.05) was used to test the null hypothesis of
no difference between the observed and expected values for each individual.

In the experimental progenies, the mean and standard deviation of the observed
homozygosity were calculated for each inbred family. A t-test was then used to assess the
null hypothesis of no difference between the family mean observed homozygosity and the
expected homozygosity, in order to evaluate deviations from the expected level of
inbreeding in each family.

Population structure was evaluated using principal component analysis (PCA), performed
with Plink 1.9 using SNPs with a Minimum Allele Frequency >0.01 (Purcell et al. 2007). A
scatterplot was generated with 95% confidence ellipses, assuming multivariate t-distribution.

The pedigree network (Suppl. File 1) was constructed using Helium v. 2.0.0 software (Shaw
et al. 2014).
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Results and Discussion

Monitoring homozygosity levels and identifying heterozygous regions throughout the
development of inbred lines is essential in diploid breeding programs. This process is crucial
for both creating highly homozygous inbred lines for F1 hybrid potato breeding as well as
producing partially inbred diploid clones as recurrent parents in Fix-Res breeding. In this
study, we genotyped two distinct groups of diploid clones. The first group included 271
diploid clones from the PBR-WUR diploid breeding program, referred to as "The diploid
breeding germplasm". This group offers a comprehensive snapshot of the genetic
composition resulting from over 25 years of continuous diploid breeding efforts. The second
group consisted of 174 individuals derived from a single lineage of a self-compatible
individual, hereafter referred to as "The experimental progenies”. This allowed us to
investigate variations in homozygosity across three generations of selfing and identify
regions of persistent heterozygosity throughout the inbreeding process of this particular
lineage, which was frequently used in the diploid breeding program due to its high fertility
and stable self-compatibility, as its parent was homozygous for the Sli gene.

Genotyping, variant calling, and genetic diversity

We conducted genotyping on a total of 442 individuals from both the diploid breeding
germplasm and the experimental progenies using PotatoMASH multiplex-amplicon
sequencing (Leyva-Pérez et al. 2022). Following the merging and filtering of the sequencing
reads, we retained an average of 889,734 reads per potato clone, corresponding to
approximately 1,450 reads per amplicon per sample. This read depth significantly exceeds
the recommended minimum of 20x for SMAP haplotype calling in diploid species. The
amplification efficiency of the primer pairs, whether low or high, remained consistent across
most samples (Figure 2).

|
<10 >20 40-80,000 reads

Figure 2. Read coverage of the 339 PotatoMASH loci. Heatmap showing the number of merged and filtered
reads from 442 samples (represented by columns) that mapped to each of the loci (represented by rows).
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Following filtering, 2,315 SNPs were identified across the panel. Of the 339 target loci,
SMAP successfully identified 333 multi-allelic loci. A total of 1,823 haplotags were detected
across the panel, with each locus containing between 2 and 18 haplotags, and a mean of
5.5 haplotags per locus (Table 1, Figure 3).

Table 1. Summary of genotyping and variant calling with PotatoMASH.

Total samples 442
SNPs called 4,971
SNPs filtered 2,315
Polymorphic loci 333

Number of haplotags 1,823
Haplotypes perlocus 2-18 (5.5

The Minor Allele Frequency (MAF) profile of the two datasets, SNPs and SNP-based
haplotags, exhibited a similar distribution, although the haplotag dataset contained a slightly
higher proportion of loci with rare alleles (low MAF) (Figure 3).
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Figure 3. (a) Distribution of haplotag diversity across 333 loci in all individuals in the study. (b) Minor Allele
Frequency (MAF) distribution for 2,315 SNPs. (c) MAF distribution for 1,823 SNPs-based haplotags.

We analysed the population structure using Principal Component Analysis (PCA) based on
SNP data (Figure 4). Initially, we assessed the overall population structure of all 442
individuals in this study (Figure 4a). The first two principal components explained a
substantial proportion of the genetic variance, with PC1 accounting for 35% and PC2 for
8%. The experimental progenies formed a distinct cluster within a smaller region of the
spectrum. When we analysed the population structure separately for the diploid breeding
germplasm and the experimental progenies (Figures 4b and 4c, respectively), we found that
the diploid breeding germplasm exhibited significantly greater genetic diversity, with PC1
and PC2 explaining 19% and 11.12% of the genetic variation. In contrast, the experimental
progenies displayed a more pronounced genetic structure, with each selfing generation
forming distinct clusters. The genetic pool in this group was more restricted, resulting in the
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first two principal components (PC1 and PC2) explaining a larger proportion of the overall
variance (36.33% and 17.3% respectively).

PC1(35.02 %)
PC1(19.15 %)

. G 8 it
\ / . Y g ol S rage
N ~ R dA LI R

PC2(8.12 %) PC2 (11.12 %) PC2(17.3 %)
—— P —— S2 — $3-SB87-072
—— 81 = S3 S3-SB87-073

Figure 4. Population structure with Principle Component Analysis (PCA) of the SNP data with 95% confidence
ellipses. (a) PCA for the full collection used in this study. (b) PCA of the diploid breeding germplasm. (c) PCA
for the experimental progenies. Labels: P = parental clones, S1 = first selfed generation, S2 = second selfed
generation, S3 = third selfed generation. S3-SB87-072 and S3-SB87-073 refer to two distinct S3-derived
clones within the experimental population.

Tracking homozygosity in germplasm from a long running diploid breeding
programme

A diverse sample of 271 clones from the diploid breeding program was assessed for
homozygosity levels, comprising 198 founder clones (referred to as "parents"), along with
60 S1, 10 S2, and 3 S3 individuals, constituting three generations of selfing from different
founders (Suppl. File 1).

Comparison of homozygosity measurements based on SNPs and haplotags

Homozygosity was measured across generations of selfing in the diploid breeding
germplasm using two distinct marker datasets: SNPs and SNP-based Haplotags. Detailed
observed homozygosity values for each individual are presented in Suppl. File 3, with a
summary of the results in Table 2. Due to the absence of parental genomic data for most
clones, which were not maintained long-term due to storage and propagation constraints,
we initially calculated Identity By State (IBS) homozygosity by counting all homozygous
markers. For the SNP-based analysis, SNP loci in a homozygous state for either the
reference allele (dosage 0) or the alternative allele (dosage 2) were considered
homozygous. With a total of 2,315 SNPs, many of which exhibited low frequencies in the
population (Figure 3b), many SNPs were homozygous for the reference allele, leading to
inflated homozygosity estimates. This resulted in high average homozygosity levels: the
parents showed an average of 75.7%, which increased to 83.1% in S1, 87.8% in S2, and
90.4% in S3 (Table 2).

In contrast, the haplotag-based approach provided more accurate estimates of
homozygosity. Homozygosity was calculated by counting loci homozygous for one haplotag
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(dosage 2). Utilising this approach, the average observed homozygosity for the parents was
41.8%, which increased to 59.1% in S1, 71.8% in S2, and 77.2% in S3 (Table 2).

Table 2. Summary of Identity by State (IBS) homozygosity results for the 271 individuals in the diploid breeding
program across two marker datasets (SNPs and Haplotags). The table includes the number of individuals,
expected homozygosity values, average observed homozygosity, range (min-max), and standard deviation
(St.Dev) for each group (Parents and successive selfing generation: S1, S2, S3).

Parents
(Founders) S1 S2 S3

Number of individuals 198 60 10 3
Expected homozygosity* 0% 50% 75% 87.5%
SNPs
Average Observed 75.7% 83.1% 87.8% 90.4%
homozygosity
Range Observed
homozygosity 69.1-86.3% 76.7-89.6% 82.2-91.3%  87-92.9%
(Min-Max)
St.Dev 5.7% 4.3% 3.2% 2.2%
Haplotags
pverage Observed 41.8% 59.1% 71.8% 77.2%

omozygosity
Range Observed
homozygosity 21.8-68.2% 42.1-75.3% 64.3-78.4% 74.8-78.8%
(Min-Max)
St.Dev 15.1% 11.2% 5.5% 1.5%

*Expected homozygosity was derived from a simple Mendelian model, assuming no selection.

These results highlight the advantages of the haplotag-based approach, which enhances
allele resolution and mitigates false positives caused by "identity-by-state" without
necessitating parental genomic data.

These findings are in line with the very high homozygosity levels previously reported, as
outlined in the introduction. For example, Hosaka et al. (2020) used a set of 18.5k SNPs
and reported complete homozygosity in S10 and S11 plants. While the authors
acknowledged the possibility that some heterozygous regions might remain undetected,
they also reported 80% homozygosity in F1 plants, which is notably high. This suggests that
their observations may have been influenced by false positive homozygosity due to IBS in
SNP data. We propose that haplotag data provides a more reliable estimate of homozygosity
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compared to SNP data, and it serves as an effective tool for screening homozygosity in
partially inbred clones, without the requirement for parental genomic information.

Analysis of IBS and IBD homozygosity in reference to parental genotypes

When parental genomic information is available, different approaches can be taken to
assess homozygosity in breeding programs. In the present analysis, 34 of the 271 parents
served as progenitors of 67 partially inbred clones, including 56 S1 plants, 10 S2 plants, and
1 S3 plant. The availability of parental genomic information allowed us to calculate
homozygosity using both IBS and IBD approaches for SNP and haplotag datasets. As
outlined in the introduction, IBS and IBD differ in how they interpret shared alleles, which
can lead to overestimation or underestimation. Given the nature of these two approaches,
the true homozygosity value likely falls between the IBS and IBD-based estimates. Detailed
homozygosity values for each individual are provided in Supplementary File S4, with a
summary of results in Table 3.

With the availability of parental genotype data, we were also able to exclude markers that
were non-polymorphic in the parents and calculate both IBS- and IBD-based homozygosity
for both SNP and haplotag datasets. After this filtering step, we observed a reduction in the
estimated SNP-based IBS homozygosity compared to earlier findings. For the SNPs, the
average observed homozygosity for the parents was 41.4%, increasing to 59.2% in S1,
71.7% in S2, and 70.3% in S3. These values were comparable to those derived from
haplotag data, where the average observed homozygosity for the parents was 43.1%,
increasing to 59.8% in S1, 72.0% in S2, and 75.5% in S3.

For IBD homozygosity, which focuses on heterozygous loci in the parents, lower values
were observed compared to IBS. Using SNP data, the average IBD homozygosity in S1 was
34.8%, increasing to 55.7% in S2. The only individual in S3 exhibited 58.6% IBD
homozygosity. Similarly, the haplotag data showed trends with an average IBD
homozygosity of 33.9% in S1, increasing to 55.8% in S2, and 64.4% in S3.

We also calculated the expected homozygosity for each generation of selfing based on
Mendelian inheritance, with a 50% reduction in heterozygosity for each generation. Chi-
square tests on genotypic counts revealed significant deviations from these Mendelian
expectations for most offspring, suggesting that observed homozygosity was often
significantly lower than expected (Suppl. File 4). Although we present these results in Table
3, the unstructured panel of inbred subsets (with small sample sizes in S2 and only one S3
plant) made it challenging to discern clear trends between observed and expected
homozygosity. Therefore, further analysis was conducted using the experimental progenies,
which were more suitable for this type of analysis.
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Table 3. Summary of Identity by State (IBS) and Summary of Identity by Descent (IBD) homozygosity results
for the 67 individuals in the diploid breeding program where the parents were also genotyped, across two
marker datasets (SNPs and Haplotags). The table includes the number of individuals, expected homozygosity
values, average observed homozygosity, range (min-max), and standard deviation (St.Dev) for each group
(Parents and successive selfing generation: S1, S2, S3).

IBS IBD
Parents S1 S2 S3  Parents S1 S2 S3

Number of individuals 34 56 10 1 34 56 10 1
SNPs

Expected ) o o 79.1 o o o (1%
homozygosity 68.9% 78% op* 0% 50% 65.5% .
Average Ob_served 41.4% 592% 71.7% 700.*3 0% 35% 551.70 509.*1
homozygosity %o % Yo

Range Observed
homozygosity 29.4- 44.3- 58.2- 18.7- 42-

- 0, -
60.8% 71.3% 78.6% 0% 53.2% 67.7%

(Min-Max)

St.Dev 87%  89% 72% - - 115% 92% -
Haplotags

Average Expected 82.2 741
homosygostty . 69.9% T77.5% ‘o 0% 50%  64.6% ‘o
ﬁg;rgffgggff”’ed 431% 59.8% T72% 75:;? 0%  339% 55.8% 602;4
Range Observed

erved 218 41.9- 64.5- . 16.9-  43.8

Rﬂog;’zygos'ty(“"'”' 64.3% 753% 78.5% 0% 55.7% 66.8%
St.Dev 10.1% 11.3% 54% - - 12.7% 86% -

*Based on one individual

With the availability of parental genomic data, our analysis demonstrated no clear advantage
to using SNPs over haplotags, as both marker types yielded comparable results for
estimating homozygosity with either the IBS or IBD approach. Consequently, we focused on
haplotag data for further analysis, with SNP-based results provided in the supplementary
material. When using haplotags, we observed substantial differences between
homozygosity estimates from IBS and IBD, with true homozygosity likely falling between the
two. The choice between IBS and IBD approaches should be guided by the available data
and study objectives. While IBD provides insights into selfing rates and homozygosity
evolution over generations, it may underestimate true homozygosity levels, as it does not
account for the initial homozygosity level of the parents. Additionally, IBD calculations
require parental genotypes, which are not always available. In such cases, IBS can be used
as an alternative, though it may overestimate homozygosity due to its inability to distinguish
between IBD and IBS alleles.
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Using haplotags to track homozygosity levels in an experimental inbred
population

In the previously described analysis, we examined the allelic state of individual haplotags.
Building upon this investigation, we sought to explore variations in homozygosity across
generations of selfing and identify chromosomal regions where heterozygosity persists
through inbreeding. To achieve this, we designed an experiment using a self-pollinating
founder clone homozygous for the Slilocus, IVP92-430-14, from the inbred diploid program
at PBR-WUR. This founder was utilized to generate experimental progenies to study the
increase in homozygosity levels through successive generations of selfing. As outlined in
the methods (Figure 1), the founder was selfed to produce an S1 progeny consisting of 37
offspring. One individual from the S1 progeny (IVP92-030-14-3) was then selfed to produce
an S2 progeny of 48 offspring. Two individuals from the S2 progeny were selfed to generate
two S3 progenies: S3-SB87-072 and S3-SB87-073. Since the two S2 individuals were not
maintained, their genotypic data were reconstructed from their offspring. Here, we present
the results obtained using haplotag data, with results from SNP data provided in Suppl. File
5.

The dataset includes 327 PotatoMASH loci for the founder, with 215 heterozygous and 112
homozygous loci. All loci were used to calculate IBS homozygosity, resulting in a starting
homozygosity of 34.3% for the F1 founder IVP92-030-14. For the IBD homozygosity
calculation, only heterozygous loci were considered, and the founder's starting
homozygosity was set to 0%.

Table 4 summarizes the results. A Chi-square test was applied to the genotypic counts to
evaluate deviations from Mendelian expectations for each selfed offspring (Suppl. File 5). A
broad range of homozygosity estimates was observed across individuals within all progeny
families.

Homozygosity increased from parent to progeny across all progeny types (Table 4, Suppl.
File 6). When calculating homozygosity using the IBS approach, the average increase from
the founder parent to the S1 progeny was 27.1%. The S2 progeny showed an average
increase of 17.3% from the S2 parent, and the S3 progenies (S3-SB87-072 and S3-SB87-
073) showed average increases of 10.6% and 14.6%, respectively. When calculating
homozygosity using the IBD approach, the average increase from the founder parent to the
S1 progeny was 41.3%. For the S2 progeny, the increase averaged 26.5%, and the S3
progenies demonstrated average increases of 15.7% (S3-SB87-072) and 21.9% (S3-SB87-
073).

Overall, statistically significant differences were observed between the observed and
expected mean progeny homozygosity levels, with all t-tests demonstrating significance
differences. The average expected homozygosity was consistently lower than predicted by
the Mendelian model. Smaller discrepancies between observed and expected homozygosity
were observed as progeny inbreeding increased. With IBS, the differences were 6% for S1,
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4% for S2, and 3%-2% for S3. With IBD, the differences were 9% for S1, 7% for S2, and
5%-3% for S3 (Table 4).

Table 4. Summary of homozygosity results for 174 selfed progeny individuals using the haplotags, analysed
for Identity by State (IBS) and Identity by Descent (IBD). The table includes the number of individuals per
progeny type (S1 = first selfed generation, S2 = second, S3 = third. S3-SB87-072 and S3-SB87-073 refer to
two distinct S3-derived clones), the parent of each progeny, the parent’s observed homozygosity, expected
homozygosity for each progeny, average observed homozygosity for each progeny type, the range (min-max)
of observed homozygosity, and the standard deviation (St.Dev).

IBS IBD
S3- S3- S3- S3-
Progeny Type S1 S2 SB87 SB87 $1 S2 SB87 SB87
-072  -073 -072  -073
Count of individuals 37 48 41 48 37 48 Y 48

IVP92 IVP92- SB87- SB87-|IVP92 IVP92- SB87- SB87-
Parent -030- 030- 072-  073- | -030- 030- 072-  073-
14 14-3 P* P* 14 14-3 P* P*

Parent Observed o o 728 674 o o 59.1 50.7
Homozygosity 34.3% 56.5% % % 0% 33.8% % %
Expected Progeny o o 86.4 83.7 o o 79.5 75.4
Homozygosity 67.1% 78.2% % % 50%  66.9% % %
Average Observed o o 834 o o o 748 726
homozygosity 61.4% 73.8% % 82% |[41.3% 60.3% % %
Range Observed 76.4- 73.2- 59.3-
homozygosity 48.50— 65.20— 889 895 21 .?— 47.20— 64.02— 840
) 73.7% 82.2% Y Y 60% 729% 83% o
(Min-Max) 0 0 o
St.Dev 86% 57% 43% 55% [129% 86% 64% 8.4%

Difference in Observed

0/ * 0/ * o/ * 0/ . * 0/ * 0/ *
VS. Expected 57*6 4 .4%** SQ‘A) 17*A) 87*/0 6.6%** 4.7*/0 2.8*/0
homozygosity
Average Observed
homozygosity increase | 27.1%  17.3% 100/(;6 1;;6 413% 26.5% 1527 2;;9

from parent

*The S2 parent plants for both S3 families were not available and were reconstructed from the offspring.
**Statistical Significance (a = 0.05)

The expected homozygosity, based on Mendelian inheritance, assumes a reduction in
heterozygosity with each generation of selfing under random mating and absence of
selection. However, these assumptions did not hold true for our breeding material, and we
would theoretically anticipate higher homozygosity than predicted by the Mendelian model.
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Consequently, the observed homozygosity was even lower than expected, indicating a
greater deviation than hypothesised.

In conclusion, homozygosity increased progressively across the generations of selfing, with
larger increases observed using the IBD approach compared to IBS. Significant deviations
were found between observed and expected homozygosity levels, with the observed
homozygosity being consistently lower than predicted by the Mendelian model. These
discrepancies were more pronounced in the earlier generations and decreased with further
inbreeding. Similar deviations from expected homozygosity have been reported in other
potato studies, where observed heterozygosity levels remained higher than anticipated even
after multiple generations of selfing (Song and Endelman 2023; van Lieshout et al. 2020).

Building on this analysis, we next explored RH, which refers to regions of the genome where
heterozygosity persists despite the selfing process. Understanding these regions is crucial
for elucidating genetic factors that may complicate the inbreeding process in potatoes.

Variation in homozygosity and heterozygosity across haplotags and targeted
loci

In this study we aimed to identify alleles or genomic regions that resist homozygosity using
haplotags in multiple loci which could indicate the presence of deleterious alleles. To achieve
this we analysed the homozygosity and heterozygosity frequencies of 1,832 haplotags
across all 442 diploid individuals in this study. Figure 5 presents bar plots of the frequencies
of homozygosity (dosage = 2) and heterozygosity (dosage = 1) at each marker, with the
haplotags ordered based on the number of clones exhibiting a specific dosage to facilitate
clearer comparisons of allele dosage distributions. We observed that 652 haplotags were
never in a homozygous state across all 442 clones, and 166 haplotags were homozygous
in only one clone. Conversely, all other haplotags were observed in at least one clone in a
heterozygous state, with 609 haplotags being heterozygous in between one and ten clones.
The most frequent heterozygous haplotag, C3_8 00000000000, appeared in 351
individuals but was homozygous in only 17 individuals, while the second most common
heterozygous haplotag, C3_8 00000011000, was present in 334 individuals and was never
observed in a homozygous state.
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Homozygosity Across Haplotags

400

300+

200

Number of Clones

1004

500 1000 1500
1823 Haplotags

=P

Heterozygosity Across Haplotags

300+

dosage

2004

Number of Clones

=}
=
h

1000 1500
1823 Haplotags

o
(%)
= -
[==]

Figure 5. Frequency of (a) homozygosity and (b) heterozygosity across 1823 haplotags in 442 individuals. The
x-axis represents markers sorted by the number of clones exhibiting a specific dosage (homozygous or
heterozygous), and the y-axis shows the count of (a) homozygous or (b) heterozygous clones for each marker.
When examining the data from the point of view of individual loci rather than the component
haplotags, the data exhibited variation in both homozygosity and heterozygosity. While all
333 loci could reach homozygosity (Figure 6), certain locisuch as C5_2, C3_8, and C12_10,
showed a preference for the heterozygous state. Specifically, C5_2 was homozygous in only
2% of individuals, C3_8 in 6%, and C12_10 in 8%, suggesting that these regions may resist

homozygosity.
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Figure 6. Frequency of homozygosity and heterozygosity across the 333 PotatoMASH loci in 442 individuals. The x-axis
represents loci sorted by the number of clones with a specific dosage (homozygous or heterozygous), and the y-axis shows
the count of individuals that were homozygous (blue) or heterozygous (red) at each locus.

In our previous GWAS study, a new QTL on chromosome 3 was identified as being
associated with low yield and low tuber number in a panel that overlaps heavily with the
material in this study (Vexler et al. 2024). Similarly, the locus C12_10, which was
homozygous in only 6% of individuals, is situated near genes and QTLs linked to various
performance and reproductive traits on chromosome 12. These traits include yield (McCord
et al. 2011; Vexler et al. 2024), canopy vigour (Vexler et al. 2024), fruit set (Peterson et al.
2016), self-compatibility (Clot et al. 2020), and unreduced pollen production (Clot et al.
2024). By maintaining heterozygosity at these loci, the negative effects of deleterious alleles
can be masked, thus potentially optimizing traits such as yield and fitness and preserving
genetic diversity in the population. This observation underscores the critical role of selective
forces in driving RH and preventing the expression of harmful alleles in plant breeding
programs.

As outlined in the introduction, the current challenge in diploid hybrid breeding is that
deleterious alleles are often genetically linked to beneficial alleles. This linkage complicates
the inbreeding process, as efforts to fix beneficial alleles in homozygous states may
inadvertently fix harmful alleles as well, leading to inbreeding depression. Loci that tend to
remain heterozygous, like C3_8, provide insight into these regions where deleterious alleles
are likely maintained in a heterozygous state due to genetic linkage with beneficial alleles.
However, in the context of F1 hybrid breeding, this presents a complex issue. While these
loci resist homozygosity, they do so because they are linked to essential traits for fitness
and other desirable characteristics. As breeders endeavour to fix beneficial alleles through
inbreeding, linked deleterious alleles may also be inherited, reducing overall fitness and
yield. As an alternative, Fix-Res Breeding offers a potential solution by leveraging RH,
maintaining these deleterious alleles in a heterozygous state to mask their effects while
preserving the benefits of the beneficial alleles they are linked to. This strategy helps to
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preserve heterozygosity for important traits, enhancing the breeding process and mitigating
the risks of inbreeding depression and the fixation of harmful alleles.

Patterns of residual heterozygosity (RH) across potato chromosomes

In the context of plant breeding and population genetics, RH refers to the persistence of
heterozygous regions in the genome despite multiple generations of selfing, which, under
Mendelian expectations, should reduce heterozygosity by half with each generation. After
five cycles of inbreeding, heterozygosity is typically expected to approach ~3%. However,
in some genomic regions, heterozygosity persists across generations (Marand et al. 2019),
suggesting resistance to fixation. A central question of this study is whether specific regions
in diploid potato exhibit persistent heterozygosity or are more prone to fixation.

To explore this, we analysed 542 haplotags spanning 327 PotatoMASH loci in the founder
IVP92-030-14 and its descendants. Homozygosity levels were calculated for each locus as
the proportion of individuals that were homozygous within each progeny group and their
respective parents. A detailed presentation of the IBS homozygosity levels for each progeny
across all loci, including the 112 loci that were already homozygous in the founder, is
provided in Suppl. File 7. Only loci that were heterozygous in the founder (n = 215) were
included in Figure 7, which displays IBD-based homozygosity across the 12 chromosomes.
Solid lines represent parental values; dashed lines show the average homozygosity across
progeny.

Because Figure 7 includes only loci that were heterozygous in the founder, IVP92-030-14
(red) serves as a baseline, with homozygosity starting at zero across all regions. In its S1
progeny, average homozygosity levels ranged from 20% to 50% across loci. In the S1-
derived parent 1IVP92-030-14-3 (purple), large segments of homozygosity had already
formed—particularly on chromosomes 2, 10, and 12, and to a lesser extent on
chromosomes 1, 6, 7, 8, 9, and 11. Further fixation was evident in the reconstructed parents
of the S3 progenies. Notably, chromosome 11 reached complete homozygosity in S3-SB87-
073. In contrast, chromosome 5 displayed persistent heterozygosity, with no locus reaching
fixation in any generation.
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arranged by physical order within each chromosome. Each subplot represents one of the 12 potato
chromosomes. Solid lines indicate parental homozygosity, while dashed lines show the average homozygosity
across progeny. Parent and progeny generations are color-coded: IVP92-030-14 is the parent of the S1 (first
selfed generation); IVP92-030-14-3 is the parent of the S2 (second generation); SB87-072-P and SB87-073-
P are reconstructed parents of the S3 progenies (S3-SB87-072 and S3-SB87-073, respectively).

This observation is consistent with prior studies. It has been proposed that lethal or
deleterious alleles might be maintained in repulsion with beneficial alleles in regions of
reduced recombination (Jansky et al. 2014), and that increased recombination during sexual
reproduction would be necessary to purge deleterious alleles (Leisner et al. 2018). However,
Marand et al. (2019) found that RH in these regions was not due to a lack of recombination
but instead driven by selective forces maintaining heterozygosity despite recombination. In
the M6 genome (Marand et al. 2019), these heterozygous regions contained 6,878 genes,
with a mean of 299 genes per block, and showed higher gene density. Marand et al. (2019)
identified several selective forces contributing to the persistence of heterozygosity,
including: (1) gametic selection, with genes linked to pollen development; (2) selection on
floral tissue, with high gene expression in floral tissues; (3) epistatic selection, influencing
the relationship between RH and traits like tuber number; and (4) overall yield and overall
fitness, with RH being associated with enhanced yield and tuber production. These findings
suggest that selective forces contribute to the maintenance of genetic diversity in these
regions, which may confer advantages in reproductive success and overall fithess in potato
populations.

Given the selective forces at play, we anticipate that regions resistant to homozygosity will
vary between populations. In the M6 genome, heterozygous regions were primarily found
on chromosomes 4, 7, 8, and 9, alongside shorter heterozygous blocks within homozygous
regions on other chromosomes (Leisner et al. 2018; Marand et al. 2019). Our study also
revealed a strong tendency toward RH in multiple regions. Specifically, region C3_8
exhibited consistent heterozygosity across all individuals in the experimental progenies,
further highlighting the inability of this region to reach homozygosity through selfing. On
chromosome 5, all 14 heterozygous loci in the founder remained segregating across the S1,
S2, and S3 generations, although 25-50% of individuals were homozygous at these loci in
each generation, none of the loci became fixed (Figure 7). This repeated pattern reflects a
lack of transmission of homozygosity rather than an absence of homozygous individuals.

Given the well-documented effects of inbreeding depression in diploid potato, including
reduced fertility and tuber production (Hosaka and Sanetomo 2020; Peterson et al. 2016;
Phumichai and Hosaka 2006; Zhang et al. 2019; Wu et al. 2023), it is likely that individuals
homozygous at key loci on chromosome 5 were not maintained due to poor performance.
Since parental selection in this population was primarily based on phenotypic traits rather
than homozygosity levels, such individuals may have been unintentionally excluded from
further selfing. This would have led to the continued segregation observed in subsequent
generations, illustrating how both natural and breeder-imposed selection can contribute to
the persistence of heterozygosity in specific genomic regions.
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Chromosome 5 is particularly noteworthy given previous reports linking this region to key
traits, including maturity (Kloosterman et al. 2013), canopy growth (Vexler et al. 2024),
unreduced gamete production (Clot et al. 2024), tuber number (Marand et al. 2019), and
overall yield (Marand et al. 2019). Our findings suggest that, in the lineage we are observing,
chromosome 5 harbours genes under selection that contribute to the persistence of
heterozygosity.

Although homozygous individuals were observed at many loci on chromosome 5 in each
generation, no locus reached complete fixation. One likely reason is that homozygous
individuals were not consistently maintained or selected as parents. This may reflect a
combination of natural and artificial selection: some highly homozygous individuals may
have been non-viable due to inbreeding depression, for example, failing to flower or produce
tubers, while others were likely excluded during routine selection by the breeder, who was
not selecting based on homozygosity status but rather on agronomic performance and
reproductive capacity. As a result, heterozygosity at these loci persisted across generations.
This highlights how selection pressure, even when not explicitly genetic, can shape patterns
of residual heterozygosity in breeding populations.

This case illustrates a broader challenge in diploid inbred development: balancing the need
to fix beneficial alleles with the viability and fertility required for line advancement. Two
general strategies exist in breeding: (1) population improvement followed by selfing to purge
residual deleterious load, or (2) early selfing followed by intercrossing of viable partial
inbreds. In either approach, generation-specific performance thresholds may be necessary,
allowing lower performance, such as lower yield, in later selfed generations as homozygosity
increases. These considerations are central to F1 hybrid breeding, which relies on fixing
additive effects over time while restoring heterozygosity in the F1. In contrast, Fix-Res
breeding offers a different route. Through the transmission of both homologous
chromosomes via 2n gametes, Fix-Res preserves both additive and dominance components
of the diploid genome in tetraploid offspring. This unique feature allows breeders to maintain
beneficial heterozygosity in regions where fixation is unachievable or undesirable due to
fitness costs, thereby reducing the pressure to develop fully homozygous inbred lines.

Conclusions

Tracking homozygosity is important in various diploid breeding strategies, including F1
hybrid breeding, and is particularly relevant for developing Fix-Res recurrent parents, where
maintaining heterozygous loci contributes to optimizing specific traits. Inbreeding through
selfing increases homozygosity; however, certain regions of heterozygosity may persist,
potentially supporting genetic diversity and contributing to fithess and reproductive success
in potato. Haplotag-based measurements provide a reliable method to assess homozygosity
levels, offering valuable insights for advancement decisions without requiring parental
genomic information. These measurements can also help identify loci that tend to remain
homozygosity across generations in each population, whether due to selection, reduced
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recombination, or fitness-related constraints, which is particularly relevant for the Fix-Res
breeding approach.

Fix-Res breeding leverages RH by maintaining deleterious alleles in a heterozygous state,
which masks their detrimental effects while preserving the benefits of linked favourable
alleles. This approach optimizes clonal selection and prevents inbreeding depression and
the fixation of harmful alleles.

Genotyping-by-Sequencing (GBS) and other high-density genomic methods can provide
valuable insights into the evolving genetic structure of breeding panels under selection but
can present some challenges. GBS approaches based on genome complexity with
restriction enzymes are protected by patents and outsourcing costs are high, while
development of array-based solutions requiring prior development can lead to
ascertainment bias and are focussed on biallelic SNPs. Multiplex amplicon sequencing
combined with read-backed haplotyping offers a potentially cost-effective genotyping tool
for many applications, including the routine tracking of homozygosity in breeding
populations. It delivers high accuracy by directly using haplotags that have been sequenced
to a high coverage, which can provide more reliable homozygosity estimates than low-
coverage GBS solutions.

PotatoMASH, a multiplex amplicon sequencing tool that enables read-backed haplotyping,
provides a cost-effective and accessible solution for monitoring genetic parameters using
haplotags. This system simplifies the assessment of genomic changes and selfing rates,
eliminating the need for complex genotyping methods. By enabling precise measurements
of homozygosity, its simplicity, flexibility, and ability to track genetic diversity make it an
invaluable tool for supporting the accumulation of favourable alleles in Fix-Res breeding.

Designed to integrate seamlessly into potato breeding programs, PotatoMASH facilitates
Marker-Assisted Selection (MAS) (Leyva-Pérez et al. 2022; Vexler et al. 2024), and routine
homozygosity tracking. The genomic data produced every year with this approach for
genomic-assisted breeding purposes effectively tracks genome-wide homozygosity
changes and infers selfing rates, as demonstrated in this study, without the need for
additional genotyping or further investment.
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Abstract:

Genomic Prediction (GP) supports plant breeding by accelerating genetic improvement;
however, the high cost associated with dense genotyping platforms restricts their use in
routine breeding. This study evaluates the efficacy of PotatoMASH, a cost-effective
amplicon-sequencing platform generating SNPs and short-read multi-allelic haplotypes
(haplotags), for GP in potato. In a tetraploid population, we assessed the prediction accuracy
(PA) of PotatoMASH data in comparison to GBS data for the complex trait fry colour. Utilising
only 2,236 SNPs and 2,000-3,390 haplotags from 339 amplicon loci (versus 43.6k SNPs
from GBS), PA was moderately reduced by 14% using SNPs and only 9% using haplotags.
In a diploid panel, PotatoMASH was applied for GP of 23 agronomic, quality, and
morphological traits. Both marker types achieved medium to high PA across all traits (0.29—
0.81), with small performance differences: haplotags outperformed SNPs in 11 traits, while
SNPs performed better in six. Additionally, we evaluated two haplotyping methods
implemented in the SMAP software: haplotype-sites, which combines variants at pre-called
SNPs, and haplotype-window, which extracts full read sequences from defined genomic
windows. Haplotags derived from haplotype-window outperformed those from haplotype-
sites in six traits. This research demonstrates that PotatoMASH, which facilitates the
concurrent detection of both SNPs and haplotypes at a reduced cost, represents a scalable
alternative to GBS. It provides a versatile and economical genotyping solution suitable for
integrated pipelines that combine marker-assisted selection (MAS) and GP in potato
breeding.
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Introduction

Potato breeding is a protracted process, as most potato breeders employ conventional
phenotypic selection for tetraploid potatoes. The outbreeding nature and tetraploidy of
modern cultivated potatoes present significant challenges in achieving enhanced genetic
gains. The capacity to rapidly utilise recurrent selection to fix favourable alleles and eliminate
deleterious alleles across multiple cycles of selection is constrained.

In the post-genome era, the utilisation of genomic tools to achieve higher and faster genetic
gain in the breeding process has been extensively investigated. Many plant breeding
programmes now routinely incorporate Marker-Assisted Selection (MAS) select favourable
alleles for various traits. MAS is most effective for monogenic traits, or those with a few QTL
with large effects, but it is less effective in complex traits where the genetic variation results
from a larger number of loci of small effects (Heffner et al. 2009).

Genomic selection (GS) is a form of MAS in which genetic markers spread across the whole
genome are used to predict breeding values of individuals for the purpose of ranking
selection candidates in practical breeding (Goddard and Hayes 2007; Heffner et al. 2009;
Meuwissen et al. 2001). By incorporating genome-wide markers in the Genomic Prediction
(GP) model, GS utilises a greater proportion of the variation due to QTL with small to
moderate effects (Goddard and Hayes 2007; Heffner et al. 2009).

As many key agronomic traits in potato are highly polygenic and environmentally sensitive,
GS offers a particularly robust framework for their improvement. Such traits are typically
governed by numerous small-effect loci and are further complicated by epistasis, regulatory
interactions, and extended linkage disequilibrium (LD), all of which obscure the identification
of causal variants (Hill et al. 2008; Kloosterman et al. 2010; Stich and Gebhardt 2011). For
instance, yield is governed by complex gene networks influencing root architecture, shoot
development, tuberization, and carbohydrate metabolism (Kacheyo et al. 2021; Qu et al.
2024; Navarro et al. 2011; Kloosterman et al. 2008; Ewing and Struik 1992). Similarly, tuber
quality traits such as dry matter content, chipping colour, and dormancy are affected by both
genetic variation and environmental factors, including storage temperature, physiological
maturity, and stress exposure (Hu et al. 2023; Leonel et al. 2017; Stark et al. 2020; Zhou et
al. 2017). In particular, regions of high LD can lead to the co-localization of multiple QTLs,
making it difficult to resolve the genetic effects of individual traits. This phenomenon has
been widely reported in QTL studies for complex traits in potato (Acharjee et al. 2018;
Kloosterman et al. 2013; Sharma et al. 2018; Vexler et al. 2024). Although major and minor
QTLs have been identified for many traits, the associated markers often lack resolution and
transferability. In many cases, markers detected in one population are physically distant
from the causal polymorphisms in another, and are difficult to apply in breeding material with
different genetic origins (Kloosterman et al. 2010). These limitations reduce the practical
utility of MAS for improving complex traits.
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The potential of GS to address certain complexities in the breeding process has attracted
significant interest within the potato breeding community. Several studies have evaluated
the efficacy of various statistical methods and machine learning approaches for the accurate
prediction of Genomic Estimated Breeding Values (GEBVs) across a range of agronomic
performance traits (Aalborg and Nielsen 2024 ; Aalborg et al. 2024; Adams et al. 2023; Byrne
et al. 2020; Ortiz et al. 2022; Ortiz et al. 2023; Pandey et al. 2023; Selga et al. 2021b; Slater
et al. 2016; Stich and Van Inghelandt 2018; Sverrisdéttir et al. 2017; Sverrisdéttir et al. 2018;
Wilson et al. 2021).

For successful implementation of GS, it has been suggested that high-density Single
Nucleotide Polymorphism (SNP) panels are necessary to capture genetic variation across
the entire genome and to ensure that all QTL are in LD with at least one marker, allowing
them to capture a significant portion of the genetic variance (Heffner et al. 2009; Slater et
al. 2016). In fact, most GS studies in potatoes rely on genotyping-by-sequencing (GBS) data
containing tens to hundreds of thousands of SNPs. For example, the 186k SNPs
(Sverrisdottir et al. 2017), 46k SNPs (Byrne et al. 2020), 39k SNPs (Wilson et al. 2021), or
SNP array such as the 8.3k SNPs from the SolCAP potato genotyping array (Stich and Van
Inghelandt 2018).

The option of utilising reduced marker sets for prediction in potatoes has been investigated
in recent studies, and various strategies have been employed to reduce the number of
SNPs. These approaches include LD pruning based on the estimation of LD between
adjacent SNPs (Selga et al. 2021b), employing selected markers from a Genome-Wide
Association Study (GWAS) (Byrne et al. 2020), and utilising feature selection approaches to
identify subsets of SNP variants (Aalborg et al. 2024). In all cases, sufficient predictive ability
was achieved, albeit lower than that obtained with genome-wide markers. Consequently,
smaller (and therefore cheaper) marker sets can be employed for GP in potatoes. The
ongoing challenge lies in reducing the number of markers to minimize the costs of
genotyping and data processing/storage while maximizing the allelic information to support
the performance of prediction models.

One strategy for improving GP models is the use of multi-allelic haplotypes instead of bi-
allelic SNPs. The initial hypothesis proposed that the incorporation of haplotype alleles in
prediction models would result in increased accuracy compared to individual SNPs, owing
to the presumption that haplotype alleles are likely in stronger LD with QTL alleles than SNP
alleles (Calus et al. 2008; Hess et al. 2017; Meuwissen et al. 2014). This has already been
demonstrated by many studies in animal breeding, which showed that haplotype alleles can
enhance the accuracy of GP compared to SNPs (Araujo et al. 2023; Cuyabano et al. 2014;
Hess et al. 2017; Li et al. 2022; Won et al. 2020). Although research on using haplotype
alleles in plant breeding is more limited, several studies have investigated aggregating
adjacent SNPs into haplotype blocks, typically containing 2 to 20 SNPs, in crops such as
wheat (Sallam et al. 2020), Eucalyptus globulus (Ballesta et al. 2019), rice, and maize (Jiang
et al. 2018). A more recent study in wheat explored long-range haplotypes with blocks up to
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100 SNPs (Difabachew et al. 2023), and a study on ryegrass evaluated the predictive
performance of SNP-based haplotypes from GBS-simulated data (Kang 2023). These
studies consistently showed improved prediction accuracy (PA) for most traits when
haplotype blocks were used instead of individual SNPs.

In animal breeding, haplotype construction typically involves large SNP arrays and either
statistical haplotyping or phasing SNPs based on known parental inheritance. These
methods can result in long haplotypes, sometimes spanning entire chromosomes, and are
implemented with software such as BEAGLE (Browning and Browning 2009; Browning and
Browning 2007). However, challenges arise when working with rare alleles, polyploids or
populations with high genetic diversity, where long haplotypes may be inaccurate, and rare
variants may be misinterpreted (Garrison and Marth 2016). In plant breeding, haplotype
blocks are often constructed by ordering SNP markers based on consensus map positions
(Sallam et al. 2020; Jiang et al. 2018) or by using LD-based statistical methods (Difabachew
et al. 2023), with tools like Haploview (Barrett et al. 2005). However, these methods also
encounter difficulties, particularly when working with polyploids, or when marker density is
low or in low-depth sequencing scenarios.

Here, we use Stack Mapping Anchor Points (SMAP) (Schaumont et al. 2022) for read-
backed haplotyping using the sequence information within individual NGS reads. SMAP
performs accurate read processing and analyses mapping distributions across sample sets.
Its key advantage is the ability to reconstruct actual haplotypes directly from short
sequencing reads (Schaumont et al. 2022). This approach circumvents several challenges
associated with traditional methods, especially in low-coverage sequencing contexts and
irrespective of polyploidy, offering a more robust way to infer haplotypes directly from
sequencing data. SMAP includes two haplotyping modules: haplotype-sites, which joins pre-
called SNPs into a haplotag using read backed phasing, and haplotype-window, a newer
module that works without prior variant calls by extracting the full-length DNA sequence of
reads that are mapped to a particular window in the reference sequence and contain two
flanking locus-specific border sequences. The latter has the potential to detect a broader
range of variants, including SNPs, indels, and any combination thereof, and improve
haplotype resolution. A detailed description of both modules is provided in the Materials and
Methods section.

A major limitation in applying GS to potato breeding is the high cost of genotyping. Despite
the decreasing costs of next-generation sequencing (NGS), genotyping thousands of
seedlings  annually for GS remains expensive. GBS is patented
(http://www.google.com/patents/US8815512) and requires licensing and further royalty fees
for use in commercial cultivar development. As a result, the cost of GBS, when commercially
sourced, ranges from 50 to 100 euros per sample, depending on the specific characteristics
of the sample. This significant expense presents a challenge for widespread adoption of GS
in potato breeding, highlighting the need for more cost-effective alternatives without
compromising the accuracy of GPs.
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In a previous study (Leyva-Pérez et al. 2022), we developed a marker system called
PotatoMASH with the specific objective of exploring the potential of low-cost, genome-wide
genotyping for application in potato breeding and genetics. PotatoMASH, with an
approximate cost of 4-5 euros per sample, surveys 339 loci using a multiplex amplicon
sequencing approach followed by deep NGS sequencing (2x150 bp lllumina sequencing).
Although the system is low-density in terms of loci number, it was specifically designed to
achieve genome-wide coverage by evenly spacing markers approximately every 1 cM
across euchromatic regions, while keeping genotyping costs low. Due to the high SNP
density in potato germplasm, PotatoMASH yields more than 2000 SNPs in diverse panels
(Leyva-Pérez et al. 2022; Vexler et al. 2024), and over 800 SNPs in bi-parental populations
(Clot et al. 2024). Additional tools can be utilised for read-backed phasing (Schaumont et al.
2022) to generate short haplotypes (165-180 bp) that represent the allelic diversity at each
locus.

To assess the effectiveness of short-read haplotypes from PotatoMASH for QTL detection,
Leyva-Pérez et al. (2022) genotyped a tetraploid population using PotatoMASH, generating
two marker sets: a SNP set (2279 SNPs) and a set of short-read haplotype alleles (hereafter
referred to as haplotags) derived from these SNPs (2000 haplotags). While the PotatoMASH
SNP set failed to detect any QTL, the haplotag set successfully identified the same QTL
associated with fry colour that had been previously detected in a GWAS using 43.6k GBS-
derived SNP markers (Byrne et al. 2020). This finding suggested that haplotags may offer
better discriminatory power than SNPs for QTL detection in GWAS.

With this expectation, in a subsequent study (Vexler et al. 2024), we used PotatoMASH to
generate a SNP marker set and then applied SMAP haplotype-sites software to derive a
haplotag marker set. These marker sets were subsequently used to conduct a GWAS on a
diploid panel for a range of traits. We detected 37 unique QTL across both marker types.
Interestingly, the haplotags did not consistently outperform the bi-allelic SNPs in QTL
detection for all the traits, but instead, about 30% of QTL were identified using the SNP set
but not the haplotag set. Further investigation of this phenomenon revealed that for QTL
detected only with haplotag data, the significant haplotags often contained individual SNPs
that were also present in other non-significant haplotags. Conversely, for QTL detected only
with SNP data, the significant SNPs were dispersed across multiple haplotags, each with a
lower frequency in the population than the SNP itself, which reduced the statistical power to
detect associations. These findings led to the conclusion that both SNPs and SNP-based
haplotags should be used in parallel to maximize QTL detection power (Vexler et al. 2024).
Based on the differential performance of SNPs and haplotags in GWAS, we decided to
explore their relative effectiveness for GP in the populations described above.

The objectives of this study were (1) to demonstrate that PotatoMASH, as a genome-wide,
low-density marker set, can achieve comparable accuracy in GP to high-density marker sets
like GBS; (2) to explore ways to increase genomic information generated by PotatoMASH
by comparing two haplotype-calling approaches: the previously used haplotype-sites and a
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newly introduced haplotype-window approach using SMAP; (3) to test the prediction
accuracy (PA) in a diploid potato breeding population to assess PotatoMASH's effectiveness
across a broad range of traits.

Material and methods

Short-read haplotype allele (haplotags) calling with SMAP

We utilised SMAP (Schaumont et al. 2022) for read-backed haplotyping to call short-read
haplotype alleles (haplotags) in our study. SMAP overcomes some of the limitations of
traditional haplotyping tools, which often have restricted applications, such as being
applicable only for diploid individuals, requiring fixed haplotype block lengths, or relying on
prior knowledge of genetic relationships or variants.

SMAP works by delineating loci using customized start and end points per haplotag, e.g.
PotatoMASH multiplex primer binding sites, and offers two complementary modules for
haplotype calling: SMAP haplotype-sites and SMAP haplotype-window. The two
approaches are illustrated in Fig. 1.

SMAP haplotype-sites

The first module, SMAP haplotype-sites (see online manual at https://ngs-
smap.readthedocs.io/en/latest/sites/index.html), phases genotype calls at pre-defined 'sites'
(SNPs). Per read mapped to a particular locus, it reconstructs short haplotype alleles
(haplotags) based on the polymorphisms it detects at the positions of these SNPs. The input
for this module includes indexed BAM files with mapped reads, a custom BED file with locus
start and end positions (in our case, 339 PotatoMASH loci), and a VCF file with SNP
positions (called ‘sites’). The process involves extracting polymorphic sites from each read,
encoding the presence of the reference allele as "0", alternative allele as "1", absent
mapping as "." or a gap "-", and creating a compressed haplotype string (e.g. 000110-10)
for each read. The final haplotag nomenclature we used includes the PotatoMASH locus
name (e.g., C1_1) and the haplotype string given by SMAP haplotype-sites (e.g.,
C1_1_000110-10). In previous studies, we have successfully used this approach for SNP-
based haplotag calling both for tetraploid (Leyva-Pérez et al. 2022) and diploid (Vexler et al.
2024) potato panels. The full bioinformatics pipeline of PotatoMASH and SMAP haplotype-
sites and the intermediate files needed are also available at
https://doi.org/10.6084/m9.figshare.c.6926560.

SMAP haplotype-window

The second module, SMAP haplotype-window (see online manual at https://ngs-
smap.readthedocs.io/en/latest/window/index.html), operates without prior knowledge of
polymorphisms. It defines a "window" for each locus using two locus-specific border
sequences. Coordinates for these borders are provided as a custom GFF file (for
PotatoMASH regions in DM_v6.1 is provided in Suppl. File 1). The module identifies all
reads mapped to the locus, retrieves the corresponding sequences from the original FASTQ
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files, and trims the border sequences to retain the remaining DNA sequence (which forms a
unique haplotype allele (haplotag)). This method allows for the detection of haplotags
without the need for pre-existing SNP calls and can capture a broader range of genetic
variants, particularly indels. In this study, we also applied SMAP haplotype-window to
generate haplotags with different parameters for tetraploid and diploid panels:

SMAP haplotype-window v5.0.1 was run with the following parameters for tetraploids: —
discrete_calls dosage —frequency_interval_bounds 12.512.5 37.5 37.5 62.5 62.5 87.5 87.5
—dosage filter 4  —min_read _count 20 —min_haplotype_frequency 10 -
min_distinct_haplotypes 0.

For diploids: —discrete_calls dosage -frequency_interval bounds 10 10 90 90 -
dosage _filter 2 —min_read_count 10 —min_haplotype_frequency 10 -
min_distinct_haplotypes 0.

With haplotype-window, haplotype nomenclature that is given by the software SMAP is the
actual unique read sequence. The final haplotag name is the PotatoMASH locus name
followed by the unique read sequence (e.g.,
C1_1_ATTGGGTTCCACACTTTTGACTATGCGAGGCACTTCCTCTCGTGTTGCAGTCG
GATGTTAGGCATTTCTTATGAGTCGAAAAGGGGTTACATAGGCCTCGAGTACTATGGT
AGGACTGTAAGTATTAAA).
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Fig. 1. Comparison of SMAP haplotype-sites and haplotype-window modules for haplotags construction from
read alignments. (a) Haplotype-sites groups sequencing reads mapped to pre-defined loci and reconstructs
multi-allelic haplotags by bundling pre-defined SNPs and SMAPs (Stack Mapping Anchor Points). Each read
is transformed into a coded string ("0" for reference, "1" for alternate alleles and “.” or “-” for missing or gapped
positions), representing the allelic pattern at the locus. This approach requires prior knowledge of variant
positions and encodes haplotags and does not capture indels, null alleles or triSNPs. (b) Haplotype-window
identifies reads mapped between user-defined genomic windows using pre-defined border sequences (e.g.,
primer sites), trims the borders, and retains the full DNA sequence between them as a unique haplotag. It
operates without requiring prior variant calls and captures a broader range of variation, including indels,
enabling more haplotypes to be distinguished per locus. This example illustrates haplotags calling in a
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tetraploid context using the same sequencing data: haplotype-window resolves four haplotypes compared to
three identified by haplotype-sites, due to additional sequence variation outside the pre-defined SNPs. Both
modules generate tables of haplotag counts, allele frequencies, and inferred allele dosages per-locus per-
sample, where numbers in red indicate the frequency of sequencing errors before their removal. Figure
adapted from the official SMAP documentation (https://ngs-smap.readthedocs.io) to illustrate the logic and
data structure of both approaches.

Comparison of Haplotype Calling Modules

Both modules generate an integrated haplotype call table that lists all unique haplotag
counts per locus and sample. They apply the same functionality for haplotag frequency
filtering, discrete genotype calling, and quality controls for loci and samples. Additionally,
both modules create summary statistics, which are represented in tabular and graphical
formats. Since both modules extract haplotags in a different way, while using the same
mapped reads as input, we anticipate subtle differences in the final haplotype calls that can
impact downstream analysis and data archiving. This provides a strong motivation for
comparing the performance of both haplotype calling modules.

Firstly, SMAP haplotype-window does not rely on prior SNP calling, which reduces the risk
of false negatives that could hinder downstream haplotype detection (Veeckman et al. 2019;
Garrison and Marth 2016). Second, as haplotype-window is not restricted to pre-defined
SNPs, it has the ability to capture a broader range of genetic variance, including indels,
leading to the identification of a greater number of haplotags. Finally, haplotype-window
ensures consistent naming of haplotypes across datasets, eliminating the need for complete
re-analysis of genotyped germplasm upon identification of novel SNPs, further streamlining
data maintenance and comparison.

Plant materials and phenotypic evaluation
Tetraploid panel

We used a set of 607 tetraploid potato clones, known as the FRY population. GP for fry
colour had previously been conducted on this population using approximately 43.6k GBS-
derived SNP markers (Byrne et al. 2020). The phenotypic data for fry colour 'off-the-field'
(OTF) were generated in the Teagasc/IPM breeding programme in 2015-2017 and included
237 individuals in 2015, 73 in 2016, and 297 in 2017 (Byrne et al. 2020). This panel was
subsequently utilised to test PotatoMASH (Leyva-Pérez et al. 2022). The sequence data
produced from PotatoMASH can be processed in one of two ways; (i) to identify and
genotype at SNP positions, and (ii) to use read-backed phasing to generate short haplotags.
In the case of the FRY population, a set of 2279 filtered SNPs were identified and these
SNP positions were further utilised to identify a set of 2000 haplotags using the SMAP
haplotype-sites module ((Leyva-Pérez et al. 2022). Here, we use both these data sets for
GP. In addition, we used SMAP haplotype-window as an alternative approach to identify
sequence-based haplotags.
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Diploid panel

A panel of 558 elite diploid breeding clones was provided by a consortium comprising
commercial breeders and research institutes. The panel represents clones from diploid
breeding programmes, where commercially relevant traits are combined with traits
significant for diploid breeding such as fertility, self-compatibility and unreduced gamete
production. Contributions were made by Meijer Potato (The Netherlands); Plant Breeding,
Wageningen University & Research (The Netherlands); Danespo A/S (Denmark); SaKa
Pflanzenzucht GmbH & Co. KG (Germany); Germicopa Breeding (France) and Averis Seeds
B.V. (The Netherlands).

A comprehensive description of the panel, experimental design, genotyping, variant calling
for the SNPs, SNPs-based haplotags, phenotyping methods and the statistical analysis are
described in Vexler et al. (2024). In short, the experimental design followed an augmented
design with replicated checks across the six locations. The material was evaluated over
three years (2019-2021) using standardized set of protocols for scoring 23 morphological,
agronomic and quality traits (Table 1). Check varieties were included in the estimation of
phenotypic means for all traits across years and locations. Best Linear Unbiased Estimators
(BLUES) for the three year observations were calculated using the Ime4 R package (Bates
et al. 2015) and the Imer function. Least square means were calculated for the BLUEs with
the R package emmeans (Lenth et al. 2021), and served as the final phenotypic data for
GP. Broad-sense heritabilities (H2) were calculated for each sub-population separately. The
panel was genotyped with PotatoMASH resulting in 2730 filtered SNPs and 2955 haplotags
identified by SMAP haplotype-sites with these SNPs (Vexler et al. 2024).

We utilised this panel, the SNPs set, and the haplotags set to perform GP for the 23 traits.
We have also employed the sequenced PotatoMASH reads of this panel to call haplotags
with SMAP haplotype-window, as detailed above.
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Table 1. Phenotypic scoring and measurements of the 23 traits evaluated in the diploid panel (Vexler et al.
2024)

Trait
Yield

Canopy stage 1 (6 weeks after
planting)

Canopy stage 2 (10 weeks after

planting)
Tuber Length
Total Tuber Number

Tuber Shape
Yellow Skin Colour

Yellow Flesh Colour

Eye Depth
Presentability of Tubers
Skin Smoothness

Skin Brightness

Sensitivity to Common Scab

Enzymatic Browning

Cooking Type

After-cooking blackening

Chipping Colour 1st time point
stored at 8°C

Chipping Colour 2M time point
stored at 8°C

Chipping Colour 2n time point
stored at 4°C

Dry Matter Content
Sprout Dormancy
Tuber Regularity
Maturity

Scale

In kg per plant, fresh weight at harvest

1 = plants have not yet emerged to 9 = largest canopy in the trial

1 = plants have not yet emerged to 9 = largest canopy in the trial

Tubers per meter count was used with correction table
Count of tubers

1 = very round, 2 = round, 3 = round-oval, 4 = round-oval to oval, 5 =
oval, 6 = oval to long-oval, 7 = long-oval, 8 = long, 9 = very long

1 = white, 2 = cream, 3 = light yellow, 4 = yellow, 5 = dark yellow, 6 =
brown

1 = clear white, 2 = white, 3 = cream, 4 = light yellow, 5 = yellow, 6 =
dark yellow, 7 = very dark yellow

1 = very deep to 9 = very shallow

1 = very bad to 9 = very good

1 = rough to 9 = very smooth

1=dull to 9 = clear

1 = heavy symptoms to 9 = no symptoms

1 = ink black, 2 = uniformly black, 3 = discolouration to black, 4 =
darkening of red and grey discolouration, 5 = bright red and dark grey
discolouration, 6 = start of red/grey discolouration, 7 = clear start of
discolouration, 8 = very slight discolouration, 9 = no discolouration

2 = very floury, loose boiling, sloughing, 4 = floury, crumbly and fairly
loose, 6 = slightly floury and fairly firm, 8 = not floury, firm cooking, 9 =
extreme firmness

1 = very dark to 9 = pure colour (no darkening at all)

1 = very dark to 9 = pure colour (no darkening at all)
1 = very dark to 9 = pure colour (no darkening at all)

1 = very dark to 9 = pure colour (no darkening at all)
% relative to fresh weight

1 = heavy sprouting (early) to 9 = no sprouting

1 =bad to 9 = good

1 = plants still green and flowering to 9 = plants reached senescence
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Genomic Prediction

Genomic prediction was performed using three marker sets: SNPs, SNP-based haplotags
generated by SMAP haplotype-sites, and sequence-based haplotags generated by SMAP
haplotype-window. For SNPs, the dosage was defined as 0, 1, or 2, where 0 represents
homozygosity for the reference allele, 1 represents heterozygosity, and 2 represents
homozygosity for the alternative allele. For the haplotags, the discrete dosage of each
haplotype was scored, with O indicating the haplotype is absent, 1, 2, 3, or 4 as discrete
allele dosage for tetraploid individuals, and 1 or 2 for diploid individuals. Haplotags were
treated as "pseudo-SNPs," with each individual haplotype effectively rated as a bi-allelic
presence-absence marker. This marker dosage scale was incorporated into the Bayesian
models. For ridge-regression Best Linear Unbiased Prediction (rrBLUP) and Genomic Best
Linear Unbiased Prediction (GBLUP), the dosage was encoded as -1, 0, and 1, following
the requirements of the rrBLUP R package (Endelman 2011), where 0 represents
heterozygous states, and -1 and 1 represent homozygous states.

Allele frequencies for each marker were calculated by taking the mean genotype value
across the population, based on the actual dosage and normalized to the maximum possible
genotype value (4 for tetraploids and 2 for diploids). Minor allele frequencies (MAF) were
then determined as the smaller value between the allele frequency and its complement.

Genomic Prediction in the tetraploid population

We applied the same GP framework and the same four statistical algorithms for GP used
by Byrne et al. (2020): ridge regression best linear unbiased predictor (rfBLUP R Package)
(Endelman 2011), Bayes A (Meuwissen et al. 2001), Bayesian Lasso (Park and Casella
2008) and Random Forest (Liaw and Wiener 2002). The two Bayesian approaches were
implemented in the R package BGLR (Pérez and de los Campos 2014) with the following
parameters: number of iterations = 5000, burn-in =500 and thinning = 5. Random forest was
implemented with the R package Random Forest (setting the number of variables at each
split to 1/3 of the total variables and using a terminal node size of five and minimum of 500
trees per forest). PA was calculated as the Pearson correlation coefficient between observed
and predicted OTF fry colour Best Linear Unbiased Predictions (BLUPSs) values. GP models
were developed for each year separately (2015-2017) and evaluated in other years, as in
the original study (Byrne et al. 2020).

Genomic Prediction in the diploid panel

Genomic data were centred around zero, and mean imputation was used to replace missing
values. Six models were evaluated: GBLUP with the kin.blup function, rrfBLUP with the
mixed.solve function from the rrfBLUP package (Endelman 2011), and Bayesian models:
BayesA, BayesB, BayesC, BRR and BL from the BGLR package (Pérez and de los Campos
2014). Default options were used unless stated otherwise.

We employed the following approach for GP: K-fold cross-validation (CV) with k = 5,
repeated 10 times. The mean PA was calculated as the Pearson correlation between
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observed and predicted trait values for the test data and recorded for each iteration.
Pseudorandomization was used to divide the data into separate CV groups, with a fixed
seed to ensure reproducibility. For each combination of marker set and model, we assessed
the normality of the variance in the mean PA estimates from the 10 iterations, checked the
distribution of the estimates, and then conducted an unpaired t-test (null hypothesis: the
means of the two populations are equal).

Genomic relationship matrices (GRM)

In the tetraploid data, GRMs were constructed using A.mat function in the rrBLUP package
(Endelman 2011). For the diploid data, GRMs and Principle Components (PCs) based on
those GRMs were constructed using calcG function in KGD: Software for GBS-based
relationship calculations v1.2.2 (Dodds et al. 2015).

Language editing

ChatGPT (GPT-40, OpenAl's large-scale language model) was used for language editing.
The edits were reviewed and revised by the authors, who take full responsibility for the final
content of this publication.

Results

Comparison of marker sets and their performance on Prediction Accuracy for
fry colour in a tetraploid potato panel

The first goal of this study was to evaluate different marker sets from multiplex amplicon
sequencing data generated with PotatoMASH: individual SNPs, haplotypes identified
through prior SNP calling (haplotype-sites), and haplotypes directly derived from read data
(haplotype-window). We aimed to assess their performance in GP of ‘of-the-field’ (OTF) fry
colour, using the previously published GBS-based prediction from Byrne et al. (2020) as a
benchmark. In the original study (Byrne et al. 2020), GBS-SNPs with more than 10% missing
data and clones with fewer than 10,000 data points were removed due to low sequencing
coverage, resulting in a final dataset of 456 clones with 43.6k GBS SNPs. In the current
study, all 607 clones had sufficient PotatoMASH data, reflecting the high sequencing depth
and reliable locus recovery typical of amplicon-based genotyping, which yielded 2236 SNPs
and 2000 haplotags (reported in Suppl. File 2). These datasets were used to compare the
GP performance of the different PotatoMASH marker types against the GBS reference.

In addition, we utilised a newer haplotag caller within SMAP software (haplotype-window) to
generate the third dataset for our study. Haplotype-window identified 3390 haplotags across
the panel (reported in Suppl. File 2), ranging from 1 to 20 haplotags per locus in the
population, with an average of 10 unique haplotags per locus, nearly doubling the average
of 6 haplotags per locus identified using SMAP haplotype-sites on the same input data
(Table 2, Fig. 2).

Using SMAP haplotype-window, we identified haplotags across 338 loci, which included 14
loci that had not previously shown any SNPs due to either limitations in variant calling or
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stringent SNP filtering and were therefore classified as non-polymorphic by SMAP
haplotype-sites. Only one of the 339 PotatoMASH loci remained non-polymorphic. Unlike
SMAP haplotype-sites, which disregard pre-called indels sites and codifies haplotags at a
given locus as same length based on the length covered by pre-called SNPs, haplotype-
window uses the read sequence as the haplotype ID. Upon examining the read lengths, we
found 154 loci had reads with varying lengths, indicating the presence of multiple indels
variants per locus (ranging from 2 to 10 different read lengths per locus), while the remaining
184 loci had uniform lengths, suggesting no indels. Interestingly, within the 184 loci with
uniform length, haplotype-window identified a higher number of haplotags than haplotype-
sites in 164 of those loci. This suggests that haplotype-window also captures more genetic
diversity unrelated to indels and is better at harnessing the full potential of the genetic
diversity provided by PotatoMASH.

The minor allele frequency spectrum of the haplotags (MAF profile) of the four datasets used
in this study reveals distinct differences between SNPs and haplotags (Fig. 3). In the SNP
dataset (either generated by GBS or PotatoMASH), SNPs with MAF < 10% were filtered out
due to concerns over potential sequencing errors, resulting in a more restricted distribution
of alleles. In contrast to SNPs, which typically involve a major and minor allele at each locus,
haplotypes represent multi-allelic variation, with each allele having its own frequency. As a
result, haplotag datasets exhibited a broader and more complex allele frequency spectrum
across the population. As per the haplotag sets, a notable shift in MAF profile was observed:
for haplotags identified by SMAP haplotype-window, 1448 haplotags had a MAF below 1%,
compared to 320 haplotags in the haplotype-sites dataset.

This pattern is likely driven both by true underlying allelic diversity and the sensitivity of the
haplotype-window module to rare haplotypes. In particular, combinations of common SNP
alleles can form rare multi-allelic haplotypes when constituent SNPs occur together
infrequently. To minimize the inclusion of sequencing artifacts, only haplotypes supported
by at least 10 sequencing reads and detected in a minimum of 10 individuals were retained
(see Methods). Such patterns are not captured when filtering SNPs individually by MAF
before haplotype construction. This difference in MAF profiles indicates that haplotype-
window captures a broader range of genetic diversity, particularly regarding low-frequency
alleles, compared to haplotype-sites. This enhanced diversity is attributed not only to the
additional alleles captured with the haplotype-window module but also to the prior filtering
of SNPs before haplotype calling with haplotype-sites.
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Table 2. Summary differences of the output of the two haplotyping approaches with SMAP

Haplotags set Number of Missing Number of Number of
haplotags data alleles per polymorphic

locus loci

SNPs-based haplotags 2000 16% 2-14 (6 325

(with SMAP haplotype- average)

sites)

Sequence-based 3390 24% 1-20 (10 338

haplotags (with SMAP average)
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Fig. 2 Distribution of the number of distinct haplotags per locus across PotatoMASH loci in the tetraploid panel

(a) Distribution of the 2000 haplotags from SMAP haplotype-sites in 325 loci (b) Distribution of the 3390

haplotags from SMAP haplotype-window in 338 loci.
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Fig. 3 Minor Allele Frequency (MAF) distribution for a) 43.6k GBS SNPs b) 2236 PotatoMASH SNPs c) 2000
haplotags generated with haplotype-sites d) 3390 haplotags generated with haplotype-window.

To assess the ability of the four datasets to represent genetic relationships among
individuals, GRMs were constructed for the tetraploid potato panel. The heatmaps derived
from these GRMs showed similar patterns of relatedness, with individuals from the three
breeding years exhibiting mixed relatedness to one another (Fig. 4). Despite using different
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marker sets (GBS and PotatoMASH data, specifically), the genetic relationships among the
individuals remain consistent, with no clear distinction in relatedness patterns between
clones from the three years of the breeding programme.

a) b)
I A D (RO W S IR {1 000U O O N | O] 0 AT

Year
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- 2016
- 2017

Fig. 4 Genomic relationship matrices (GRM) heatmaps of the 456 tetraploids potato clones (the subset used
in Byrne et al. 2020) based on four marker sets: a) GBS SNPs, b) PotatoMASH SNPs, c) haplotags from SMAP
haplotype-sites, and d) haplotags from SMAP haplotype-window. The heatmap colour key indicates the
strength of genetic relatedness, with red representing high genetic similarity and yellow indicating lower genetic
relatedness. The lateral colour palette represents the breeding material from three years of the breeding
programmes, highlighting the distribution of clones from each year within the genetic relationship matrix.

To quantify the similarity of genomic relationship estimates between datasets, particularly
comparing the estimates obtained from GBS data to those from PotatoMASH, we performed
a linear regression analysis between variables from pairwise matrices. Fig. 5 shows a matrix
plot with all pairwise comparisons of the four GRM estimates, focusing on the relatedness
values (off-diagonal elements). The lower diagonals display scatter plots of GRM estimates
between each pair of marker sets, while the upper diagonals show the corresponding
regression results. Although the correlation matrix analysis (Fig. 5) reveals a small bias in
genetic relationship estimates between GBS-derived SNPs and PotatoMASH markers, the
four pairwise comparisons of genetic relationship matrices show high correlations between
the genomic relationships estimated from GBS data and those from the PotatoMASH
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datasets (SNPs and haplotags), with correlation coefficients ranging from 0.84 to 0.88. This
demonstrates that the 338 loci from PotatoMASH capture genomic relationship estimates
with remarkable accuracy, performing almost as well as the 43.6k GBS-based SNPs despite
being a fraction (about 5%) of the markers. While PotatoMASH targets 339 fixed loci, GBS
typically samples hundreds of thousands to over a million loci across the genome,
depending on sequencing depth and filtering (Byrne et al. 2013; Elshire et al. 2011).

Additionally, comparisons within the PotatoMASH datasets themselves showed high
regression coefficients, with the highest correlation between the haplotype-window-based
GRM and the haplotype-site-based GRM estimates (r = 0.956), suggesting almost no
difference in performance between the two haplotype sets for genomic relationship
estimation.
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Fig. 5. Matrix plot comparing the relatedness estimates (off-diagonal) between the different Genomic
relationship matrices (GRM). The lower diagonals display scatter plots of relatedness estimates for each pair
of GRMs, and the upper diagonals show the corresponding regression output. A red line is drawn to indicate
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where the values are equal, providing a visual reference for the strength of agreement between relatedness
estimates across the four marker sets.

To compare the PA of different approaches for analysing PotatoMASH data to the PA
achieved with GBS high-density marker set, we applied the same GP framework and the
same GP models used by Byrne et al. (2020). In that study, the GP models were first
developed using data from each year and then applied to predict OTF fry colour in the
remaining years, rotating each year as the training population.

The highest PA achieved using PotatoMASH was 0.70, compared to 0.77 for the 43.6k GBS
SNP set. The mean PA achieved with PotatoMASH data ranged from 0.20 to 0.69 for SNPs
and 0.29 to 0.70 for either haplotag set (Table 3). When comparing these results with the
PA reported by Byrne et al. (2020) for the 43.6k GBS SNP set (PA ranging from 0.11 to
0.77), we observed, on average, a 14% decrease in PA for the PotatoMASH SNPs and a
9% decrease for either haplotag set when using the rrfBLUP, BayesA, and BayesLASSO
algorithms. However, for the Random forest algorithm, the PA with haplotags was either the
same or higher (reported in Suppl. File 3). Consistent with the results of Byrne et al. (2020),
our findings showed minimal variation in PA across the different GP algorithms, with the
exception of Random Forest, which consistently showed lower PA. Lower PA was also
observed when using the 2016 data as the training or test population, which was previously
attributed by Byrne et al. to reduced relatedness between the material from that year and
other years. Although PotatoMASH data showed overall lower PA compared to the 43.6k
SNP set, in most cases, this decrease was minimized when using haplotags from haplotype-
window, which almost consistently achieved higher PA than the SNP-based haplotags from
haplotype-sites (Table 3). This suggests that haplotype-window offers a more effective
approach in maximizing the PA of PotatoMASH data. Compared to GBS data, a larger bias
was observed when using the 2016 data as the training or test population with PotatoMASH
data. This bias is likely due to the combination of reduced relatedness between the training
and test populations, along with the low-density markers in the PotatoMASH dataset.

Table 3. The prediction accuracy (PA) of all marker sets for 'off-the-field' fry colour in the tetraploid FRY

population, using various combinations of training and test populations with rrBLUP (bias is shown in brackets).
Detailed breakdown of the results for all statistical algorithms used is reported in Suppl. File 3.

. GBS SNPs PotatoMASH haplotype- haplotype-
Trzglng Tse;t (43.6k SNPs site window

total) (2236 total) (2000 total) (3390 total)

2015 2016  0.26 (0.43) 0.33 (0.69) 0.32 (0.59) 0.32 (0.68)
2015 2017  0.75(1.05) 0.67 (0.99) 0.67 (1) 0.67 (0.94)
2017 2015  0.77 (1.29) 0.68 (1.01) 0.68 (1.08) 0.7 (1.14)
2017 2016  0.48 (1.05) 0.31 (0.54) 0.38 (0.75) 0.38 (0.73)
2016 2017  0.56 (3.26) 0.42 (7.3) 0.46 (6.71) 0.48 (6.99)
2016 2015  0.49 (2.59) 0.45 (7.93) 0.48 (6.99) 0.41 (5.79)
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Genomic Prediction for multiple traits in diploid potato

A second objective of this study was to evaluate the use of haplotags identified from
multiplex amplicon sequencing in GP and determine any added value of using short
haplotypes over SNP data in GP of traits routinely evaluated in potato breeding. To do this,
we used a panel of 558 diploids genotyped with PotatoMASH and evaluated for 23
agronomic and quality traits (Vexler et al. 2024). In order to capture the maximum genetic
information for GP, we used less stringent filtering settings compared to the previous
genotyping and included all SNPs with a MAF higher than 1%, resulting in a dataset of 2730
SNPs and 2955 haplotags based on those SNPs called with SMAP haplotype-sites (Vexler
et al. 2024). In this study, haplotags were also called using SMAP haplotype-window,
identifying a total of 5919 haplotags across the panel (reported in Suppl. File 4), ranging
from 3 to 38 haplotags per locus, with an average of 17 unique haplotags per locus. This
nearly doubles the average of 9 haplotags per locus identified by SMAP haplotype-sites on
the same input data (Table 4, Fig. 6). For haplotype-window, 201 loci had haplotypes of
varying lengths, indicating multiple indel occurrences, ranging from 2 to 18 read lengths per
locus, while 138 loci had uniform lengths, suggesting no indels. Like what was observed in
the tetraploid FRY population, for all 138 loci with single length, a higher number of haplotags
per locus were observed when haplotags were called with haplotype-window, indicating that
haplotype-window captures more genetic diversity unrelated to indels compared to
haplotype-sites. Additionally, the MAF profiles across all loci showed distinct shifts for the
three datasets (Fig. 7). After filtering, only 43 SNPs had a MAF below 1% while 928
haplotags from SMAP haplotype-sites and 3419 from haplotype-window had MAFs below
1%.

Table 4. Summary differences of the final output of the two haplotyping approaches with SMAP

Haplotags set Number Missing Number of Number of
of data haplotags per polymorphic

haplotags locus loci

SNPs-based haplotags 2955 7% 2-30 (9 average) 334

(with SMAP haplotype-

sites)

Sequence-based 5919 9% 3-38 (17 average) 339

haplotags

(with SMAP haplotype-

window)
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Fig. 6. Distribution of the number of distinct haplotags per locus across PotatoMASH loci in the diploids panel
(a) for the 2955 SNP-based haplotags from SMAP haplotype-sites (b) for the 5919 sequence-based haplotags
from SMAP haplotype-window.
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Fig. 7. Minor Allele Frequency (MAF) distribution for a) 2730 SNPs, b) 2995 SNPs-based haplotags from
SMAP haplotype-sites, c) 5919 sequence-based haplotags from SMAP haplotype-window.

GRMs were constructed for the diploid potato panel using the three distinct marker sets. For
calculating these GRM, markers not shared between at least two individuals were excluded
from the analysis, resulting in 2224 haplotags called from haplotype-sites and 2635
haplotags from haplotype-window, while none of the SNPs were removed as they were all
shared with at least two individuals. The GRMs were visualized through heatmaps (Fig. 8).
Notably, individuals from the Meijer breeding programme (represented in pink) were
genetically distinct from individuals from other breeding programmes, forming a separate
cluster. In the SNP-based GRM, the individuals from the Meijer programme split into two
sub-clusters.
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Fig. 8 Genomic Relationship Matrices (GRM) heatmap with hierarchical clustering of the 558 diploid potato
clones based on three marker sets: a) SNPs, b) haplotags from SMAP haplotype-sites, and c) haplotags from
SMAP haplotype-window. The heatmap colour key indicates the strength of genetic relatedness, with red
representing high genetic relatedness and yellow indicating lower genetic relatedness. The lateral colour
palette represents the six breeding programmes, highlighting the distribution of clones from each programme
within the GRM.

Additionally, Principal Component Analysis (PCA) was performed of the GRMs based on
the first two principal components (Fig. 9). The PCA plots demonstrated two main clusters,
with the Meijer sub-population deviating from the other breeding programmes. The variance
explained by the first principal component (PC1) is 31.15% for the SNPs, 33.49% for the
SNP-based haplotags from haplotype-sites, and 35.13% for the sequenced-based
haplotags from haplotype-window and Principal Component 2 (PC2) explains 15.15%,
15.56%, and 14.02% of the variance for each respective marker set. Both PCs explain a
substantial portion of the total variation in the data. The slight variations in the variance
explained by the principal components across the marker sets still showed similar population
structures, emphasizing the utility of PotatoMASH in capturing the genetic relationships and
diversity within a multi-programme diploid potato breeding panel.
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Fig. 9 Population structure with Principal Component Analysis (PCA) of the 558 diploid potato clones based
on the Genomic Relationship Matrices (GRM) derived from the three PotatoMASH marker sets: a) SNPs, b)
haplotags from SMAP haplotype-sites, and c) haplotags from SMAP haplotype-window. The first two Principal
Components (PC1 and PC2), shown on the axes, with with the percentage of variance they explain indicated
in parentheses. Colours represent breeding companies, and ellipses indicate 95% confidence intervals for
each group.

This panel was phenotyped for 23 agronomic and quality traits, and control varieties were
used to estimate the BLUEs of phenotypic means across years and locations (Vexler et al.,
2024). We used the phenotypic data to evaluate the PA for these traits using our three
marker sets. We observed moderate to high mean PA values (0.29-0.81) for all 23 traits,
with small variations in PA across the three marker sets and between the models tested
(Fig. 10). In Fig. 10 the scales of individual graphs were set to highlight differences. To
standardise the scale, the results are also presented with a fixed y-axis (ranging from 0 to

1) in Suppl. File 6.

Overall, differences in PA between SNPs and haplotags were small for most traits and
models, though many of these small differences in mean PA were still statistically significant.

Haplotags outperformed SNPs for 11 traits, including Canopy Stage 1, Canopy Stage 2,
Tuber Length, Total Tuber Number, Tuber Regularity, Yellow Skin Colour, Presentability of
Tubers, Sensitivity to Common Scab, Enzymatic Browning, Dry Matter Content, and Sprout
Dormancy. SNPs performed better for six traits: Yield, Skin Smoothness, Cooking Type,
After-Cooking Blackening, Chipping Colour 1_8, and Chipping Colour 2_8. For Tuber
Shape, Yellow Flesh Colour, Eye Depth, Skin Brightness, Chipping Colour 2_4, and
Maturity, PA results were mixed across models or showed no clear advantage for either
marker type.

Among the 11 traits where higher PA was obtained with the haplotags, six performed best
with haplotags from SMAP haplotype-window: Canopy Stage 1, Total Tuber Number, Tuber
Regularity, Yellow Skin Colour, Presentability of Tubers, and Dry Matter Content. Two traits,
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Tuber Length and Sprout Dormancy, had higher PA with haplotags from SMAP haplotype-
sites. The remaining three traits showed similar PA between both haplotype-based methods.
Full PA results for all models are provided in Suppl. File 5.

The lowest mean PA was observed from the rrBLUP mode for Canopy Stage 2 and Total
Tuber Number (0.29 and 0.33 respectively), while the highest PA was observed with the
Bayes B model for Tuber Length (0.79) and Yellow Flesh Colour (0.76). BayesB model and
BayesC generally performed better than rrBLUP, GBLUP, and BRR models, particularly in
Canopy Stage 2, Tuber Shape, Yellow Flesh Colour, Eye Depth, Chipping Colour 2_8, and
Maturity. When transitioning from SNPs to SNPs-based haplotags from SMAP haplotype-
sites, an increase in PA was observed for the majority of traits. However, Yield, Cooking
Type, After-Cooking Blackening, and Chipping Colour 1_8 showed better PA with SNPs.

Significant increases in PA were observed for certain traits with the haplotags called by
SMAP haplotype-sites compared to individual SNPs that composed those haplotags, for
example: Yellow Skin Colour (4% increase), Dormancy (5% increase), Sensitivity to Scab
(6% increase), and Dry Matter Content (13% increase). The sequence-based haplotags
from SMAP haplotype-window provided even larger increases in PA compared to the SNPs,
such as 8% for Yellow Skin Colour, 9% for Enzymatic Browning, and 15% for Dry Matter
Content. However, there were some cases where the transition from SNPs to haplotags
resulted in a decrease in PA, such as a 7% decrease for Yellow Skin Colour and a 9%
decrease for Yield.
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Fig. 10 Effect of different marker sets on the mean prediction accuracy (PA) for 23 agronomic and quality traits
in diploid potato. For each trait the mean PA obtained is plotted from left to right for seven different models
using SNP data (in blue, on the left), haplotags identified by haplotype-sites (in red, in the middle) and
haplotags identified by haplotype-window (in green, on the right). The Mean PA is calculated as the average
Pearson correlation obtained in a k = 5-fold cross-validation scenario, repeated over 10 iterations. Detailed
breakdown of the results for all traits is reported in Suppl. File 5.

A specific example for rrBLUP of the mean PA is presented in Table 5, which also includes
the average estimated trait heritability for each breeding programme previously published in
Vexler et al. (2024). The PA was consistently lower than the heritability for all traits, except
for Canopy Stage 1, which low value of heritability was due to a particular breeding
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programme (0.22), while material from the other programmes ranged from 0.54 to 0.85 (data
not shown).

Table 5. Mean PA with rrBLUP for the 23 traits with the three marker sets and the broad sense (H?) Heritability.

Average H?
mean  Mmean PA mean PA across all
SNps "Rleyper haplope  Cexior ot al.
2024)
Canopy Stage 1 0.66 0.67 0.67 0.60
Canopy Stage 2 0.33 0.36 0.38 0.75
Yield 0.45 0.44 0.43 0.86
Tuber Length 0.77 0.78 0.78 0.87
Total Tuber Number 0.36 0.38 0.39 0.69
Tuber Shape 0.61 0.59 0.59 0.90
Tuber Regularity 0.55 0.57 0.59 0.65
Yellow Skin Colour 0.42 0.44 0.45 0.64
Yellow Flesh Colour 0.67 0.7 0.7 0.89
Eye depth 0.59 0.57 0.58 0.83
Presentability of Tubers 0.62 0.63 0.65 0.75
Skin Smoothness 0.57 0.55 0.56 0.60
Skin Brightness 0.45 0.45 0.45 0.62
Sensitivity to Common Scab 0.47 0.49 0.49 0.51
Enzymatic Browning 0.41 0.42 0.41 0.82
Cooking Type 0.43 0.43 0.43 0.74
After-cooking Blackening 0.55 0.54 0.54 0.73
Chipping Colour 1_8 0.45 0.46 0.46 0.78
Chipping Colour 2_8 0.56 0.54 0.53 0.84
Chipping Colour 2_4 0.54 0.54 0.54 0.82
Dry Matter Content 0.66 0.68 0.7 0.89
Sprout Dormancy 0.59 0.61 0.61 0.75
Maturity 0.56 0.56 0.56 0.82
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Discussion

Marker Assisted Selection and Genomic Selection are powerful approaches in plant
breeding, utilizing genetic data to enhance the selection of superior offspring. However, as
noted in the introduction, methods such as GBS for genome-wide genotyping can be costly,
and SNP assays are often affected by ascertainment bias due to the need for a development
phase (Vos et al. 2015). Alternative marker systems, such as KASP, have been shown to
be cost effective for applications such as MAS, but are impractical to the selection of
complex traits.

In response, we propose an enhanced breeding strategy employing a cost-effective,
genome-wide marker system based on pooled multiplex amplicon sequencing (referred to
as PotatoMASH), to facilitate genomic-assisted breeding. In this study, we demonstrate that,
despite generating fewer markers, PotatoMASH efficiently captures genetic diversity and
provides prediction accuracy broadly comparable to GBS approaches based on reducing
genome complexity with restriction enzymes. Moreover, we validate its efficacy across a
wide range of traits commonly selected in potato breeding, underscoring its versatility and
potential to enhance breeding efficiency.

PotatoMASH: An integrated marker system for MAS and GS in the breeding
cycle

As outlined in the introduction, numerous studies have demonstrated the feasibility of GP in
potato breeding, but few have considered its practical deployment from the point of view of
affordability and how it fits into the logistical framework of an ongoing commercial breeding
programme.

A typical potato breeding process, based on the Teagasc-IPM Potato Breeding Programme,
is illustrated in Fig. 11a. It is based on the widely used "early generation intensive selection"
model, which operates within a structured 12-year cycle of trials and selections. The process
begins with initial crosses in Year 1, followed by heavy selection pressure at the first field
stage, where poor-performing genotypes are quickly eliminated. This allows for more
intensive selection for a smaller subset of individuals. As the programme progresses,
selection pressure drops as the number of variety candidates is reduced, but the scale and
complexity of evaluation (replication, environmental testing, and phenotyping) increase.

A key component of the breeding scheme outlined in Fig. 11a is the use of KASP markers
to screen and select for resistant material. As new resistance targets are identified, they are
converted into KASP markers and incorporated into the selection panel for MAS. Currently,
in the Teagasc-IPM programme, MAS is applied in Year 4 to identify clones carrying
disease-resistant alleles, at which point approximately 2500 clones remain in the selection
pipeline. Individuals containing resistant loci (R-loci) can continue through the programme
for potential variety selection. However, the most promising genotypes can also be
reintroduced as parents at any stage, accelerating recurrent selection and allowing the
accumulation of multiple R-genes. This strategy reduces the time between breeding cycles,

149



Chapter 5

increasing the efficiency of resistance breeding. While this approach has been highly
successful in producing high-performing resistant varieties, it does not improve selection for
complex traits.

We propose an enhanced breeding strategy incorporating PotatoMASH into population
improvement and product development for routine cost-effective genotyping, thereby
facilitating combined MAS and GS on a single platform (Fig. 11b). The initial phase
comprises a 4-year population improvement cycle. This encompasses initial crosses and a
first field generation that typically involves the elimination of poor performing plants resulting
from the high genetic load. In the second field generation (at year 4), a single round of
genotyping using PotatoMASH facilitates both MAS and GS to identify superior lines, with
GS enabled by the genome-wide coverage and MAS enabled by the addition of specific
targeted markers, for instance at the resistance loci formerly screened by individual KASP
markers. Selected high genetic merit lines are subsequently utilised for the next cycle of
crosses in the population improvement phase, as well as being advanced for subsequent
product development, where those lines are evaluated in multi-location field ftrials.
Ultimately, the evaluation data from the population improvement cycle will inform the GP
models with additional phenotypic data to increase the prediction accuracy over successive
cycles (Fig. 11b). Over time, as sufficiently large training data sets build up, more traits will
become accessible to GS.
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A research and development (pre-breeding) phase, illustrated on the left side of the
enhanced breeding strategy in Fig. 11b, is a common and essential component of most
breeding schemes. This phase typically involves marker-trait association studies, driven by
QTL detection, to inform downstream selection strategies. However, as outlined in the
Introduction, many agronomic traits in potato are genetically complex and environmentally
sensitive. These traits often involve subtle, polygenic signals that are difficult to model
mechanistically or resolve through traditional QTL mapping. In addition, phenotyping such
traits for selection is labour-intensive, time-consuming, and costly, especially under multi-
environment trials or stress conditions. In this context, genomic prediction acts as a
generalised “black-box” solution, enabling selection based on genome-wide patterns rather
than prior knowledge of trait architecture. The prediction success of PotatoMASH for
complex traits, not only quantitatively measured traits like yield and chipping colour, but also
visually assessed traits such as Tuber Regularity and Presentability of Tubers (PA = 0.50—
0.66, Fig. 10), demonstrate the value of genomic selection as a scalable strategy for traits
that are difficult to phenotype reliably or are prone to subjective bias.

One important aspect of this strategy is the ease with which the genotyping assay can be
updated over time. As novel germplasm enters the breeding programme, it is likely to be
useful to add markers to capture novel single locus targets and to improve marker density.
As demonstrated by Leyva-Pérez et al. (2022), PotatoMASH allows for the addition of
diagnostic markers linked to traits to the core set of 339 loci with relative ease, allowing
“evolution” of the platform over time.

PotatoMASH performance in Genomic Prediction

Given the application goals described above, the first objective of this study was to test the
potential of a low-density genotyping tool like PotatoMASH for use in GP in comparison to
a more standard high-density genotyping platform of the type that has been widely used to
date. We compared differences in prediction accuracy for the moderately high heritability
trait OTF fry colour with PotatoMASH against predictions made with high-density GBS data
generated for the same tetraploid population (Byrne et al. 2020). In this population, Leyva-
Pérez et al. (2022) found that PotatoMASH haplotags could identify a QTL for fry colour,
whereas the SNP set from which they were derived could not. Therefore, for PotatoMASH
predictions, we examined both SNP and haplotag derived predictions.

The PA results for OTF fry colour (Table 3) show that PotatoMASH yields promising PA for
GS, despite using far fewer markers than GBS. PotatoMASH generates 2236 SNPs, 2000
SNP-based haplotags, and 3390 sequence-based haplotags, substantially fewer than the
43.6k SNPs from GBS. Despite this reduction, the average decline in PA is only 14% with
PotatoMASH SNP data and 9% with haplotag data, compared to GBS SNPs. Given that
PotatoMASH genotyping costs 10 to 20 times less per clone than GBS, this modest PA
reduction is a favourable trade-off. This suggests that PotatoMASH could constitute a cost-
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effective alternative for breeding programmes needing to genotype thousands of clones
annually for GS without significantly compromising PA, at least for high heritability traits.

Prediction Accuracy using SNP-based haplotags compared to the individual
SNPs

At the outset of this study, we hypothesized that haplotags, by more accurately capturing
the true allelic configuration of loci than individual SNPs, might lead to improved PA. In the
tetraploid FRY population, we observed a general trend of haplotags yielding slightly higher
PA than their corresponding SNPs across most models tested for a single trait, OTF fry
colour. Building on this, we applied PotatoMASH for GP across 23 agronomic and quality
traits in a diploid breeding panel, where PA values ranged from medium to high (0.29 - 0.81).
While haplotags generally improved PA for certain traits, this advantage was not universal.
In six traits, SNPs slightly outperformed haplotags, and overall, marker types exhibited
minimal differences in PA (Table 5).

As mentioned in the introduction, this panel of 558 diploid clones was previously utilised for
GWAS (Vexler et al. 2024), revealing differences in QTL detection performance between
SNPs and haplotags. In the current study, we observed no association between PA and the
ability of SNPs and haplotags to detect QTL for a trait. For instance, in (Vexler et al. 2024),
no QTL were detected for Tuber Regularity, Skin Brightness, and Presentability of Tubers.
However, in the present study, moderate to high PA were observed for these traits, ranging
from 0.50 to 0.66 (Fig. 10). For Tuber Shape, despite a highly significant QTL on
chromosome 10 (-log10(P-value) = 14.36), the PA was comparable to polygenic traits,
ranging from 0.57 to 0.65. There was also no consistent association between QTL discovery
performance of a particular marker type (SNPs or haplotags) and its performance for GP in
this study. For example, in After-Cooking Blackening, a QTL was detected with SNPs on
chromosome 3, and a higher PA was observed with SNPs. For Cooking Type, where no
QTL was detected with SNPs but one was identified with haplotags on chromosome 8, the
PA was still higher with SNPs. For Dry Matter Content, where a QTL was identified with
SNPs, the PA was higher with haplotags. For Skin Smoothness, where a QTL was detected
with haplotags on chromosome 6, the PA was higher with SNPs. These findings suggest
that the relationship between QTL detection and PA is influenced by trait-specific genetic
characteristics, marker type, and the effect size of markers in a given population.

Haplotype-window captures more genomic diversity

Subsequent to the GWAS study undertaken by Vexler et al (2024), the SMAP software
adopted for read-backed haplotyping was updated. The original SMAP software employed
an approach called haplotype-sites, which reconstructs haplotags based on the
polymorphisms it detects at pre-called SNP positions (sites) in mapped reads. An additional
module, haplotype-window was originally designed to call indels for molecular biology
applications, such as identifying induced mutations from CRISPR (Develtere et al. 2023;
Lorenzo et al. 2023). Similar to the k-mer concept, haplotype-window treats sequence
signatures as distinct entities, which we can interpret as haplotags. In the rationale
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underlying SMAP haplotype-window, the entire DNA sequence between two fixed ‘borders’
are extracted per read and each unique haplotype detected is considered a haplotag. For
practical reasons, the eight 3’-nucleotides of the forward and reverse primer per amplicon
are taken as ‘border’ sequences that define the locus. Therefore, in addition to SNP-based
variation, haplotype-window can also capture combined SNP and indel variation, without the
dependency of a priori SNP and indel calling with software such as GATK or SAMtools, and
subsequent SNP filtering. We investigated whether this approach would significantly
increase haplotag number per locus and capture a broader spectrum of allele diversity,
including genetic variants not represented in SNP-based haplotag sets, and whether the
increased information content could enhance GP accuracy. In the tetraploid FRY population,
sequence-based haplotags from SMAP haplotype-window generated a larger set (3390) of
haplotags compared to SNP-based haplotags from SMAP haplotype-sites (2000). The
average number of unique haplotags per locus increased from 6 with SNP-based haplotags
to 10 with sequence-based haplotags from haplotype-window (Table 2, Fig. 2). At least
some of this increase resulted from indels, as evidenced in the observation of length
polymorphism at ~45% (154/339) of loci. However, haplotype-sites, unlike haplotype-
window, depends on the set of SNPs used as input. In this population, to maintain
compatibility to what was previously done by Leyva-Pérez et al. (2022) we filtered SNPs
prior to haplotyping using a stringent set of parameters. Because of this, many SNPs were
excluded, resulting in fewer haplotags from haplotype-sites. Theoretically, with
PotatoMASH's high sequencing depth, SNP filtering may not be necessary; the mapped
read data can be directly used to call haplotypes with SMAP haplotype-sites, with filtering
applied only to haplotyping parameters. For the diploid panel, less stringent filtering settings
were applied for SNP variant calling compared to the procedure used by Leyva-Pérez et al.
(2022). While this approach risks false positives due to sequencing errors, using SNPs with
high-quality sequencing data (average sequencing coverage of 813 reads per locus per
sample; Vexler et al. 2024 ) provided confidence that capturing increased genomic diversity
outweighed the risk. This resulted in 2730 SNPs yielding 2995 haplotags using haplotype-
sites compared to 5919 haplotags when using haplotype-window. The average number of
unique haplotags per locus increased from 9 with SNP-based haplotags to 17 with
haplotype-window (Table 4 and Fig. 6). Interestingly, in this case, the proportion of loci
exhibiting length polymorphisms increased to ~60% (201/339), probably as a reflection of a
more diverse genetic origins of the diploid panel.

Our hypothesis proposed that sequence-based haplotags would enhance PA by
incorporating additional genetic variants, such as indels, present in 45% of loci in the
tetraploid population and 60% of loci in the diploid panel. These variants may be in LD with
traits not captured by SNP-based markers. We anticipated that increasing the number of
markers would augment the statistical power of the prediction models.

The results from the OTF fry colour prediction in the tetraploid population partly corroborated
this hypothesis, as the PA achieved with sequence-based haplotags was, in most instances,
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superior or equivalent to that obtained with SNP-based haplotags (Table 3). In the diploid
panel, comparing PA results of the two haplotag sets across all 23 traits, 10 traits exhibited
identical PA results. For the remaining traits, although differences were minor, higher PA
was observed with haplotags derived from haplotype-window for 8 traits, while haplotags
from haplotype-sites produced higher PA for 6 traits (Fig. 9).

A significant technical advantage of the haplotype-window approach over haplotype-sites is
that it provides a stable identifier based on the actual sequence, independent of pre-called
and filtered SNP sites, which depend on the population genotyped. This renders the
sequence-based haplotag's identifier comparable between populations, enhancing dataset
interoperability for various research and breeding applications. In contrast, the SMAP
haplotype-sites software uses a string code that may vary across populations with different
SNP sets, complicating the tracking of haplotags across populations.

Influence of genetic structure of trait — MAS or GS for low complexity traits?

For the diploid panel we tested seven different models in GP. For most traits, the differences
in mean PA across the models were minimal. However, for traits that are primarily controlled
by one or a few major genes, Bayesian methods, specifically BayesA, BayesB and BayesC,
consistently outperformed GBLUP and ridge regression methods, providing higher PA. This
was particularly evident for traits such as Tuber Shape/Eye Depth, Maturity/Canopy Stage
2 and Yellow Flesh Colour controlled mostly by single loci in chromosomes 10 (Ro locus) 5
(StCDF locus) and 3 (Bch locus) respectively (Vexler et al. 2024). The distinction between
the models arises from their different approaches to marker effects. BLUP-based methods,
which are linear models, assume that marker effects follow a normal distribution and that all
markers contribute equally to the trait. In these models, the trait is assumed to be influenced
by many QTL, each with a small effect on the trait. In contrast, Bayesian methods,
particularly BayesA, BayesB and BayesC, are linear parametric models that incorporate
mixture priors. These methods assume that all markers have an effect, but the magnitude
of these effects can vary, with some markers even having zero effect (Endelman 2011;
Gianola et al. 2009; Habier et al. 2011; Hayes and Goddard 2010; Hayes and Goddard
2001; Meher et al. 2022; Meuwissen et al. 2001; Meuwissen et al. 2009; VanRaden 2008).
This flexibility allows Bayesian methods to better capture the influence of major alleles at
one or a few loci, which is common for traits controlled by a few genes or QTL with larger
effects.

From a practical point of view, it is not entirely clear whether it would be better to utilise a
MAS or GP based approach to select for traits largely controlled by a single locus. One
notable feature of “indirect” single locus marker systems like KASP is that they are best
suited to situations with a single target allele (e.g. dominant R genes) that needs to be
differentiated from non-target alleles. Additional targets require additional assays. Direct
sequence-based systems like PotatoMASH have the advantage of being able to interrogate
the allelic structure of a locus directly, meaning that it may be possible to identify or target
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multiple alleles. Indeed, the recently updated Potato DArTag V2.0 (Endelman et al. 2024)
array includes the ability to interrogate multiple alleles of both StCDF1 and the OFP20 gene
at the Ro locus, making MAS for these traits more practicable. However, variation at these
loci doesn’t explain the full extent of phenotypic variation, and it might be interesting in the
future to explore utilizing combined approaches incorporating locus specific and genome
wide information to improve selection for these types of traits.

Insights into the additional information content of haplotypes derived from
haplotype-window

Examination of the MAF spectrum of the different marker types indicated that the haplotags
had a greater ability to resolve all alleles, showing that rare alleles are abundant, and that
increasing the detectability of haplotags by utilising the haplotype-window approach further
increased this resolution. In the tetraploid FRY population, about 1500 sequence-based
haplotags identified by haplotype-window had a MAF lower than 1%, compared to only
around 400 SNP-based haplotags with similar frequencies (Fig. 3). The pattern was more
pronounced in the diploid panel, where approximately 3,500 haplotags from SMAP
haplotype-window had a MAF below 1%, while only about 900 SNP-based haplotags
exhibited similar frequencies (Fig. 7).

Although we only tested GBLUP-based models in the diploid panel of this study, we
constructed GRMs of both germplasm panels using the different marker datasets to
understand their ability to describe genetic relationships within the material. We expected
haplotags to provide a more accurate picture of genetic relationships than SNP-based
estimates. This expectation is based on two key points: (a) haplotags capture a more
detailed allelic variation at loci, reflecting the actual allelic composition of the allelic variation
at a locus compared to single SNPs, and (b) SNPs are often selected based on their
moderate to high MAF, which means they typically represent older mutations. New
mutations are often at low frequency and can be lost before they reach a detectable level in
the population (Meuwissen et al. 2014). As a result, SNP-based GRMs primarily reflect older
relationships from more distant ancestors, whilst haplotype-based GRMs will be better at
tracing recent genetic changes and therefore provide a more accurate representation of
genetic relationships than SNP-based GRMs.

In the tetraploids, the most striking result was that PotatoMASH-derived data was very
comparable to the GBS derived data in being able to infer relatedness despite relying on
over 30 times fewer loci. However, in general, the GRMs of the haplotags do not show more
pronounced genetic structure compared to the SNP-based GRMs. This could be due to the
small genetic pool of the panel, which consists of individuals derived from the same breeding
programme, or because many of the haplotags were too rare to provide meaningful
contributions to the genetic relationships. Although haplotags are expected to capture more
allelic diversity information than SNPs, the high frequency of rare haplotags likely limits their
potential additional benefit.
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When estimating genomic relationships for the more diverse diploid panel, all three
PotatoMASH-derived marker sets proved effective in capturing genomic relationships and
population structure, as demonstrated by the GRMs and PCA based on the GRMs (Fig. 7
and 8). A distinct pattern of sub-population structure was observed, with the Meijer materials
showing genetic deviation from the other genepools, as previously reported by Vexler et al.
(2024). Notably, in this more diverse diploid panel, the haplotags performed better than the
SNPs in capturing genetic relationships, as shown by more accurate grouping of the Meijer
materials and higher variance explained in the first principal component (PC) of the
haplotags PCA compared to the SNPs PCA.

Conclusions

PotatoMASH was originally conceived as a low-cost marker system to facilitate the
combined application of MAS and GS in potato breeding. Given the specific breeding
contexts in which we envisioned its use, we adopted an approach that minimizes the number
of loci surveyed, ultimately selecting 339 loci based on observed LD and recombination
patterns in potato (Leyva-Pérez et al. 2022). In this study, we have demonstrated the
potential for GS and explored the utility of haplotags that can be derived from the targeted
amplicons to increase the prediction accuracy using the platform, laying the ground for this
application in a real-world breeding scenario. It's worth noting that “low to medium-density”
genotyping based on targeted amplicon sequencing is becoming increasingly cost-effective
and has been accompanied by the advent of publicly available tools such as the Potato
DArTag array(Endelman et al. 2024), with more systems potentially in development. Insights
gained into the use of short read haplotyping for GS in this study may be useful for the
application of similar systems as they become more common.
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Over 20 years ago, Peleman and Rouppe van der Voort (2003) described “Breeding by
Design” as “a concept that aims to control all allelic variation for all genes of agronomic
importance”, suggesting that it could “be achieved through a combination of precise genetic
mapping, high-resolution chromosome haplotyping and extensive phenotyping”. To a large
extent, this has remained the vision for plant breeding across all species for the 20+ years
since the authors first talked about it. It could be argued that, despite the optimistic outlook
of the authors at the time, Breeding by Design still hasn’t materialised in its fullest form, and
whilst it is probably much closer in some crops, in others, such as potato, the journey
towards it has been more difficult. At the time, the authors had limited awareness of just how
many haplotypes could exist per gene, the challenge of tracking them with specific markers,
or the complexity of linking each to its phenotypic effect.

As | presented in the introduction to this thesis, the small progress towards Breeding by
Design is partly due to the tetraploid, outbreeding nature of cultivated potato, which makes
the organised progress towards collecting “optimal” sets of alleles much more difficult. In
addition to this, breeding by design has suffered a practical limitation in the ability to control
“all allelic variation for all genes” due to the high cost of deployment of the types of genome
wide marker systems that are necessary for its implementation. Marker-assisted selection
(MAS), genome-wide association studies (GWAS), and genomic selection (GS) provide the
foundation for modern genomics-assisted breeding strategies, but their effectiveness
depends on the accuracy, scalability, and affordability of genotyping technologies. As
outlined in Chapter 1 (General Introduction), advances in sequencing technologies have
expanded the range of available genotyping tools, offering potential improvements in
genomic-assisted breeding. However, many of these tools are either highly specialized for
specific applications or too expensive for routine use in breeding programs. This creates a
gap where breeders need cost-effective, high-resolution genotyping solutions that can
support a range of breeding applications, including identifying marker-trait associations,
tracking heterozygosity during inbreeding, improving genomic prediction (GP) models, and
optimizing selection strategies.

This thesis was driven in part by the need to fill this gap. The development of PotatoMASH
initially started as a thought experiment, with the goal of determining how inexpensive a
genotyping platform could be while still remaining effective for all major breeding
applications. It became apparent that a process called GT-Seq (Genotyping in Thousands
by Sequencing) (Campbell et al. 2015), developed originally in the fish trout, had some
potential in the area because of its low cost and relative technical achievability at the level
possessed by many medium-sized breeding programmes. However, the relatively low
number of loci targeted by the approach (<500) caused concern.

In addition to the potential to develop a low cost marker platform, this thesis coincided with
the inception of Fixation Restitution (Fix-Res) breeding. Whilst a low cost genome wide
marker system would have applicability across all potato breeding modalities, a key
component of Fix-Res breeding is the integration of genomic tools in a breeding-by-design
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framework, enabling breeders to facilitate selection, track recombination, and monitor
genetic diversity. As a consequence, much of the work done to demonstrate the applicability
of utilising PotatoMASH was performed in the context of Fix-Res breeding, but it's important
to highlight that most of the lessons learned during the thesis are generalizable to the use
of haplotag-oriented amplicon sequencing approaches in any potato breeding modality.

This thesis makes the following contributions in this research area:

¢ Introduction of a novel low-cost genome-wide scanning marker platform
capable of yielding short read-backed haplotypes (haplotags) that have potential to
increase the multi-allelic information content of the assay.

¢ Identification of QTL for multiple traits under selection in Fix-Res diploid founder
material and establishing the concept that SNPs and haplotags have a
complementary ability to detect QTL, increasing QTL discovery when both are
used.

o Development of genomic prediction models in Fix-Res diploid material founder
material and comparison of read-backed haplotypes with bi-allelic SNPs.

¢ Identification of genomic regions recalcitrant to inbreeding in the Fix-Res
breeding pool, and a demonstration of how haplotags can offer advantages over
SNPs in tracking the zygosity status of material in diploid potato breeding.

The goal of this final Chapter is to highlight the novel contributions of this thesis. It provides
a synthetic overview of how these findings fit together and contribute to a broader system of
genome-based breeding, in line with the Breeding by Design concept. It also outlines how
these advances can help advance the state of the art in breeding.

Haplotype-based genotyping in the context of modern breeding
approaches

Typically, high-density SNP panels have been utilised to capture QTL effects in association
and GP studies. For the successful implementation of GWAS and GS, high-density SNP
panels have been traditionally considered necessary to capture genetic variation across the
genome, ensuring that all QTL are in LD with at least one marker, thereby capturing a
significant portion of the genetic variance (Heffner et al. 2009; Slater et al. 2016; Vos et al.
2017). In fact, most GWAS and GS studies in potatoes rely on GBS data containing tens to
hundreds of thousands of SNPs, such as the 186k SNPs (Sverrisdéttir et al. 2017), 46k
SNPs (Byrne et al. 2020), 39k SNPs (Wilson et al. 2021), or SNP arrays such as SolSTW
20K Infinium array (Prodhomme et al. 2020; Vos et al. 2022), and the 8.3k SNPs from the
SolCAP potato genotyping array (Rosyara et al. 2016; Stich and Van Inghelandt 2018).

However, the high cost of dense SNP genotyping presents a major challenge for large-scale
breeding programs. Smaller and more cost-effective marker sets have the potential to serve
these purposes. To achieve this, several strategies have been developed to reduce the
number of SNPs used in GWAS and GS while maintaining accuracy. These approaches
include LD pruning, which selects markers based on LD between adjacent SNPs (Selga et
al. 2021a), prioritizing trait-associated markers identified in GWAS (Byrne et al. 2020), and
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feature selection techniques to identify the most informative SNP subsets (Aalborg et al.
2024). While these methods successfully enable marker-trait associations and GP, they
often lead to reduced statistical power or lower predictive accuracy compared to high-density
genome-wide markers. The ongoing challenge remains in balancing genotyping costs with
sufficient allelic information to ensure reliable GWAS discovery and GS performance.

The challenge lies in reducing the number of markers to minimize genotyping costs and data
processing/storage requirements while simultaneously maximizing allelic information to
support the routine implementation of these genomic-based approaches in commercial
breeding programmes. In this thesis, we sought to achieve this by using read-backed
haplotypes which can capture the full complexity of allelic variation more effectively than
traditional bi-allelic SNPs. This is particularly advantageous for crops like potato, which
exhibit high heterozygosity and complex polyploidy inheritance. Previous studies have
reported high nucleotide diversity between haplotype genomes, with estimates of 1 in 50
nucleotides. In non-coding and coding regions, there are SNPs across haplotypes at a
frequency ranging from 1in 25 to 1 in 15, respectively (Uitdewilligen et al. 2013). This high
level of polymorphism is reflected by a high number of different haplotypes, ranging between
5 and 20, and a large nucleotide diversity between them, depending on the genomic region
and methodology used (Uitdewilligen et al. 2013; Wolters et al. 2010; Uitdewilligen et al.
2022).

PotatoMASH was developed as a haplotype-based genotyping tool, capable of
simultaneously detecting both SNPs and short read-backed haplotypes (haplotags) when
combined with appropriate analytical tools such as SMAP. At the outset of this research, we
hypothesized that haplotype-based markers might outperform traditional SNPs in
quantitative genetics applications; based on the assumption that haplotags would be in
stronger linkage disequilibrium (LD) with specific QTL alleles than individual SNP alleles
(Calus et al. 2008; Hess et al. 2017; Meuwissen et al. 2014). As demonstrated in this thesis,
PotatoMASH effectively captures multi-allelic haplotype variation, providing greater genetic
resolution than single SNP markers. Across the analysed breeding material, an average of
6 haplotype alleles (haplotags) per locus was detected in the tetraploid panel, with individual
loci exhibiting 2 to 14 haplotags. In the more diverse diploid panel, the number of haplotypes
was even higher, with an average of 8-9 haplotags per locus, ranging from 2 to 30
haplotypes per locus. While this may or may not capture the complete extent of allelic
variation at each locus, they are consistent with the previous studies mentioned above,
which reported similarly high numbers of distinct alleles in potato germplasm.

Therefore, PotatoMASH appeared useful in various breeding applications, providing new
insights into how haplotype-based selection can improve breeding efficiency. Although this
research was conducted within the Fix-Res framework, these findings must be considered
in the broader context of other breeding strategies, including tetraploid breeding, diploid F1
hybrid breeding, and progressive heterosis, all of which share key breeding phases: (1) pre-
breeding activities, (2) introgression of beneficial loci, and (3) clonal selection following
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crossing or selfing. A key advantage of a system like PotatoMASH is that it provides a
unified marker system that can facilitate all of these genomic-based breeding activities
across different strategies, ensuring a consistent and standardized genotyping approach
that produces a single data type for use in multiple applications and stages in a breeding
programme. At the same time, PotatoMASH can still yield “traditional” SNP-based data
remain highly compatible with existing genomic resources, allowing breeders to integrate
PotatoMASH data with prior SNP-based studies or existing SNP arrays. By combining
haplotypes and SNPs within a single system, PotatoMASH maximizes flexibility in GS and
trait mapping, enabling breeders to adapt their selection strategies to the specific needs of
each breeding program.

Genome-based breeding; what strategy to adopt, and when?

Modern breeding strategies often integrate GWAS, MAS, and GS as complementary tools
applied across different phases of the breeding cycle. As outlined in the general introduction,
GWAS ( including bi-pawrental mapping and other marker-trait association approaches) is
commonly used to identify loci associated with important traits by analysing genotype-
phenotype relationships in diverse populations. The resulting markers can be deployed in
MAS to rapidly select individuals carrying favourable alleles. However, MAS is most effective
when traits are controlled by major genes or large-effect QTL, such as disease resistance,
where a single marker can reliably indicate trait presence

Improving complex traits in potato, such as yield, dry matter content, chipping colour, and
dormancy, is more challenging due to their polygenic nature and strong genotype-
environment interactions (Ewing and Struik 1992; Hu et al. 2023; Leonel et al. 2017; Navarro
et al. 2011). These traits are typically influenced by numerous small-effect loci, often
interacting through regulatory networks and epistasis, and further complicated by extended
linkage disequilibrium (Hill et al. 2008; Kloosterman et al. 2010; Stich and Gebhardt 2011).
Additionally, QTL for multiple traits frequently co-localize, as shown in several studies
(Acharjee et al. 2018; Kloosterman et al. 2013; Sharma et al. 2018) and in our own results
(Chapter 3), making it difficult to isolate causal variants and limiting the broader applicability
of diagnostic markers across populations.

While MAS, as practiced in most breeding programmes, is currently based on the use of
single bi-allelic markers diagnosing the presence or absence of a target allele, this approach
is poorly suited to such complex traits. Interestingly, if genome-wide marker systems
previously used to characterize QTL could also inform selection, MAS for complex traits
might become more feasible. In particular, since complex traits may be determined not only
by multiple loci (genes) but multiple alleles of these loci, a system capable of interrogating
the underlying allelic variation of individual loci would be very useful. Read-backed
haplotyping approaches like PotatoMASH offer this feature.
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GWAS

To explore the above concept, we performed a multi-trait GWAS using both SNPs and read-
backed haplotypes (haplotags) generated through PotatoMASH. To our knowledge, this
study represents the most extensive multi-trait GWAS conducted in diploid potato to date,
which encompassed 23 agronomic and quality traits across 558 genotypes from six
European breeding programs. Due to the diverse genetic backgrounds represented, the
panel exhibited strong population structure, which we accounted for in downstream analyses
to detect population-specific associations. Moreover, it is the first GWAS in potato to use
short read-backed haplotypes as markers, providing a novel perspective on multi-allelic
marker utility in this crop. This allowed for an unprecedented resolution in detecting QTL for
complex traits. The study identified a total of 37 QTL, with only 10 (27%) QTL consistently
detected using both SNPs and haplotags. Haplotags alone identified 14 (38%) additional
QTL that were undetectable with SNPs, highlighting their ability to capture recombination
events and multi-allelic variation that bi-allelic SNP markers fail to detect. Conversely, 13
(35%) QTL were uniquely detected by SNPs, an unexpected finding given that haplotags
theoretically provide superior genomic resolution.

Upon an investigation into the underlying genetic architecture of these QTL, we discovered
key differences in how SNPs and haplotags capture marker-trait associations. For QTL
identified solely by haplotags, my analysis revealed that the significant haplotags often
contained individual SNPs that were also present in other non-significant haplotags,
demonstrating that haplotags provided a more comprehensive representation of genetic
variance at these loci. Conversely, for QTL detected only with SNP data, we found that the
significant SNPs were scattered across multiple haplotags, each occurring at a low allele
frequency in the population. This reduced the statistical power to detect associations using
haplotags alone. These findings suggest that increasing population size in future studies
could enhance statistical power, allowing more haplotag-QTL associations to be detected.
We concluded that the complementary nature of SNPs and haplotags indicates that both
marker types should be used in parallel to maximize QTL detection power and ensure a
more comprehensive understanding of the genetic basis of complex traits. Examples of
these scenarios are further explored in Chapter 3.

To account for the strong population structure observed in the panel, we repeated the GWAS
analysis separately for two main sub-populations, each representing different breeding
programs. This analysis uncovered unique genetic associations that were not detected when
analysing the full panel, underscoring the importance of accounting for population structure
in association studies. Of the 37 identified QTL, 15 (41%) were found to be population-
specific, with eight detected using haplotags and seven using SNPs. While analysing smaller
sub-populations typically reduces statistical power, particularly for rare haplotypes, working
within a genetically closer pool can reduce background noise and improve detection of
common alleles. This further demonstrates that SNPs and haplotags capture different
signals and perform best in complementary contexts. Beyond validating known QTL, such
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as those for Tuber Shape and Yellow Flesh Colour, which confirmed the reliability of our
approach, a major outcome of this study was the discovery of 19 novel QTL across eight
chromosomes, contributing valuable genetic insights for potato breeding.

Genomic Prediction

Given the limited number of strong marker-trait associations identified through GWAS, we
evaluated an alternative approach to enable selection for complex traits in breeding
programs: GP using low-density marker sets (Chapter 5). We tested the effectiveness of
PotatoMASH-derived markers by comparing their performance to high-density GBS data in
a tetraploid population phenotyped for fry colour. PotatoMASH generated 2,236 SNPs,
2,000 SNP-based haplotags, and 3,390 direct-read haplotags, compared to 43.6k SNPs
from GBS. Despite this substantial reduction in marker density, the decline in predictive
accuracy (PA) was only 14% with PotatoMASH SNP data and 9% with haplotag data,
relative to GBS SNPs. This modest drop in PA underscores the potential of amplicon
sequencing as a cost-effective genotyping tool for large-scale GS without significantly
compromising accuracy.

In the diploid panel, we developed GP models for the 23 agronomic and quality traits. As
with the GWAS, this study is the most extensive GP analyses in diploid potato, and uniquely
applies read-backed haplotypes within a low-density, cost-effective genotyping system. We
achieved moderate to high predictive accuracy across all traits, including Tuber Regularity,
Skin Brightness, and Presentability of Tubers, for which no significant QTL were detected in
the GWAS. Across the 23 traits, haplotags outperformed SNPs in 11 traits (48%), including
Canopy Stage 1, Canopy Stage 2, Tuber Length, Total Tuber Number, Tuber Regularity,
Yellow Skin Colour, Presentability of Tubers, Sensitivity to Common Scab, Enzymatic
Browning, Dry Matter Content, and Sprout Dormancy. In contrast, SNPs obtained higher
predictive accuracy for six traits (26%), including Yield, Skin Smoothness, Cooking Type,
After-Cooking Blackening, Chipping Colour 1_8, and Chipping Colour 2_8. The remaining
six traits (26%) produced same or mixed results across different prediction models. These
results align with our GWAS findings, where SNPs and haplotags demonstrated different
advantages in detecting marker-trait associations, further reinforcing their complementary
roles.

Interestingly, for traits controlled by major QTL, such as Tuber Shape, Yellow Flesh Colour,
and Maturity, predictive accuracy was nearly identical between SNPs and haplotags,
suggesting that the GP model had a greater influence on accuracy than marker type. In
these cases, Bayesian models (BayesA, BayesB, BayesC) outperformed GBLUP and ridge
regression methods, likely because they assign greater weight to large-effect loci.
Conversely, for complex polygenic traits such as Dry Matter Content, Tuber Regularity, and
Enzymatic Browning, the marker type had a stronger influence on predictive accuracy. This
suggests that when multiple small-effect loci control a trait, the ability to detect them is more
sensitive to the marker type used rather than the model chosen, as allele frequency and the
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ability to capture multi-allelic variation become more relevant in small effect loci of
genetically complex traits prediction.

In the GP study, haplotypes were derived using two approaches: 1) SNP-based haplotags,
generated with the SMAP haplotype-sites module, which phases alleles based on
predefined SNP positions (sites). 2) Direct read-mapping haplotags, generated with the
SMAP haplotype-window module, which reconstructs haplotypes directly from sequenced
reads without relying on prior SNP calls. The key difference between these methods lies in
how haplotypes are defined and constructed. The haplotype-sites approach depends on
pre-called SNPs, while the haplotype-window approach identifies haplotypes independently,
capturing additional genetic variation, including indels. Among the 11 traits where haplotags
outperformed SNPs, six exhibited the highest PA with haplotags derived from haplotype-
window, including Canopy Stage 1, Total Tuber Number, Tuber Regularity, Yellow Skin
Colour, Presentability of Tubers, and Dry Matter Content. Two traits, Tuber Length and
Sprout Dormancy, achieved higher PA with SNP-based haplotags, while the remaining three
traits showed similar PA across both haplotyping approaches.

These findings indicate that, at the scale tested in this study, there is no substantial
difference in performance between SNPs and haplotags for GP. Either marker type can be
used, with the choice depending on which provides higher predictive accuracy for a given
trait. This flexibility underscores the utility of amplicon sequencing-based platforms like
PotatoMASH, which enable simultaneous detection of both marker types at low cost. The
high read depth and accurate dosage calling offered by amplicon sequencing ensures
reliable genotyping, making GS more accessible and scalable for large-scale breeding
programs.

Relevance for breeding and practical implications

The integration of GWAS, MAS, and GS is an important goal in modern tetraploid and diploid
F, hybrid potato breeding particularly in enhancing trait discovery, selection efficiency, and
genetic gain. Each of these genomic tools contributes uniquely to the breeding process.
GWAS plays a central role in identifying trait-associated markers, enabling the discovery of
genetic loci linked to key agronomic and quality traits. MAS is particularly effective for
selecting major-effect QTL early in the breeding process, such as disease resistance genes,
allowing breeders to eliminate inferior genotypes before extensive field trials. Meanwhile,
GS is invaluable for predicting polygenic traits, improving the selection of parental lines, and
ranking candidates based on their genomic estimated breeding values (GEBVs), which
enhances the efficiency of both early- and late-stage selection.

In any breeding strategy, the pre-breeding phase is indispensable for establishing genetic
foundations before large-scale selection begins. In this phase GWAS allows the
identification of trait-associated QTL in genetically diverse populations, enabling the
discovery of markers linked to important agronomic and quality traits. Once these markers
are identified, MAS is applied to introgress and fix major-effect QTL, particularly for disease
resistance and other one of few major-effects QTL traits. Simultaneously, GS aids in the
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selection of parental lines by predicting their breeding values, optimizing the choice of
crosses and improving genetic gain in subsequent generations.

Tetraploid breeding is characterized by an intensive early selection phase, when large
numbers of seedlings must be evaluated, which is currently based primarily on phenotypic
performance to eliminate poorly performing clones. By the fourth year of the breeding cycle,
when the number of seedlings is reduced from tens of thousands to a few thousand, MAS
is applied to select for major-effect QTL, such as disease resistance. At present, GS is not
routinely applied in early selection (or at any stage) due to the high cost of genome-wide
genotyping for large populations, but its use has been suggested for later selection stages
when the breeding population size has already been narrowed down. However, with the
advent of cost-effective amplicon sequencing-based genotyping tools such as DArTag and
PotatoMASH, MAS and GS can now be applied in a single genotyping step. This
advancement makes GS feasible at early selection stages, significantly improving efficiency
by ranking candidates based on GEBVs from the outset.

As breeding progresses to later stages, fewer clones undergo extensive field trials, where
phenotypic data collection becomes more detailed. This additional phenotypic information
refines the GP models, increasing their prediction accuracy over successive selection
cycles. Over time, as training datasets expand, GS can be applied to a broader range of
traits, reducing the need for expensive and labour-intensive field trials while accelerating
genetic gain.

In diploid F; hybrid breeding, breeding efforts focus on developing elite inbred parental lines
to ensure strong hybrid performance. Once superior parental lines are selected, MAS
enables the introgression and fixation of beneficial alleles, such as resistance genes or key
traits like self-compatibility (S/i), which is fundamental for allowing selfing in inbred lines
before hybridization. GS further enhances parental selection by predicting their breeding
value, ensuring that only the most promising genotypes are used for hybrid crosses.

A major advantage of amplicon sequencing-based genotyping is its ability to reduce
genotyping costs while maintaining high accuracy. The combination of targeted sequencing
with read-backed haplotyping offers a genome-wide, cost-effective alternative to traditional
high-density SNP arrays and GBS. Unlike conventional approaches, where different
genotyping platforms are used at different breeding stages, such as KASP for MAS and SNP
arrays or GBS for GWAS, and GS, targeted amplicon sequencing provides a unified
platform. With this approach, genotyping is performed once per clone, and all genomic-
based breeding activities (GWAS, MAS, GS) can be conducted using the same marker
dataset throughout the entire breeding cycle.

This “single-genotyping event” strategy significantly reduces the need for repeated
genotyping across different breeding phases, cutting down on costs and logistical
complexity. By integrating GWAS for marker discovery, MAS for early selection, and GS for
multi-trait prediction within a single, cost-efficient genotyping platform, breeders can
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streamline selection, improve genetic gain per cycle, and make GS more accessible and
scalable for large-scale potato breeding programs.

Comparison of PotatoMASH with Current Genotyping Tools

To contextualize the role of PotatoMASH in modern breeding pipelines, we compare its core
features to other genotyping platforms commonly used in potato (Table 1). A detailed
overview of existing technologies is provided in the general introduction (Chapter 1).

KASP assays (https://excellenceinbreeding.org/) offer a cost-effective solution for targeted
marker genotyping but they lack genome-wide coverage and are not optimal for broader
genomic-based applications. SNP arrays offer high-density genotyping but are limited by
fixed panels and ascertainment bias (Vos et al. 2015). GBS (Elshire et al. 2011) provides
genome-wide coverage but is costly and prone to missing data and uneven coverage,
especially problematic in polyploids .

Amplicon-based genotyping platforms in potato, such as DArTag (www.diversityarrays.com)
and Flex-Seq (www.biosearchtech.com), have been developed in parallel to PotatoMASH
as cost-effective alternatives. These systems target specific loci through multiplexed PCR,
enabling consistent read depth, reduced missing data, and accurate dosage calling.
However, they primarily deliver bi-allelic SNPs as the standard output.

Although PotatoMASH targets only 339 loci, it consistently delivered high-resolution data
across the diverse populations analysed in this thesis, with 2 to 38 haplotags per locus
depending on genetic diversity and analytical method. This multi-allelic output allows
comprehensive capture of genetic variation, including rare alleles and indels that may be
overlooked by bi-allelic SNP-based platforms.

By contrast, commercial amplicon-based platforms such as DArTag V2 (Endelman et al.
2024) offer a fixed panel of approximately 4,000 loci, providing broader marker density but
less flexibility in design. While DArTag and Flex-Seq typically do not deliver haplotype calls
directly, raw sequencing data can be extracted and re-analysed with tools such as SMAP to
derive multi-allelic haplotypes.

In terms of cost, PotatoMASH was estimated at €4-5 per sample (excluding labour) in
Chapter 2, while commercial platforms such as DArTag and Flex-Seq typically cost around
€18 per sample. However, when considering overhead, data processing, and management,
the total costs may converge. Overall, DArTag and PotatoMASH offer comparable
capabilities in terms of marker type, dosage accuracy, and suitability for breeding
applications.

Overall, DArTag and PotatoMASH offer comparable capabilities in terms of marker type,
dosage accuracy, and suitability for breeding applications. However, PotatoMASH offers
greater flexibility in assay design and data access, making it particularly attractive for
programs with in-house technical capacity. The choice between them depends largely on
practical factors, such as control requirements, cost structure, and available expertise.
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Table 1. A comparison of key genotyping technologies, including PotatoMASH, SNP arrays, KASP, GBS, and
amplicon-based sequencing (DArTag, Flex-Seq), based on marker type, flexibility, cost, suitability for breeding
applications, key advantages, and limitations. This table highlights the strengths and constraints of each
platform.
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Genomic tools in Fix-Res: the role of amplicon sequencing and
read-backed haplotyping in breeding and selection

The Fixation-Restitution (Fix-Res) breeding strategy provides a structured approach to
genetic improvement by combining incremental allele fixation at the diploid level with high
heterozygosity restitution at the tetraploid level. The successful implementation of this
strategy relies on accurate genetic tracking, recombination monitoring, and selection for
beneficial alleles across breeding generations (Figure 1). To achieve this, Fix-Res integrates
MAS, GWAS, and GS, all of which require a cost-effective genotyping platform capable of
supporting multiple breeding applications.

Most of practical applications of PotatoMASH as a breeding tool in this thesis were
developed within the framework of Fix-Res to address those needs.

In addition to GWAS, MAS and GS, another key aspect of tracking the genetic composition
of clones throughout the Fix-Res breeding process is tracking inbreeding. Chapter 4
explored the use of PotatoMASH for monitoring inbreeding. By analysing inbreeding levels
in the Wageningen diploid breeding program and across three generations of selfing,
haplotag-based measurements proved to be a reliable tool for assessing homozygosity and
heterozygosity, even in the absence of parental genomic information. This highlights the
value of haplotype-based genotyping for detecting genome-wide homozygosity changes
and inferring selfing rates in breeding materials across Fix-Res cycles.

Overall, with a single round of genotyping per new clone, PotatoMASH enables breeders to
integrate all of these genomic tools and make data-driven decisions at every stage of Fix-
Res breeding. The following sections will discuss how PotatoMASH could be applied at each
stage of Fix-Res (Figure 1).
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phases. Recurrent parents (RP) are genotyped during pre-breeding to discover alleles via GWAS and to
assess genetic diversity. Donor lines (D) are introduced to incorporate traits of interest, and MAS is used to
track and recover desirable alleles through successive backcrosses. Two improved recurrent parents (RP)
are then crossed to generate a hybrid progenitor (HP), which is evaluated for key loci before being used in
interploidy crosses with tetraploid breeding material. GS is applied at multiple stages to guide parent selection
and to predict clone performance. Inbreeding Tracking supports genetic stability by monitoring homozygosity
across cycles. A single round of genotyping per clone using PotatoMASH supports all genomic applications
throughout this process. (Figure adapted from Clot (2023).

Application of genomic tools across Fix-Res breeding phases

Fix-Res consists of multiple breeding phases, each requiring specific genomic tools for
selection and genetic tracking. The integration of PotatoMASH at each stage ensures that
allele inheritance is monitored, genetic gain is maximized, and inbreeding is controlled.

Pre-breeding: parental selection and trait discovery

The pre-breeding phase of Fix-Res aims to establish a genetically diverse and self-
compatible (Sli) recurrent parent (RP) population, carrying favourable agronomic traits and
the ability to produce unreduced (2n) pollen. This phase is foundational, as it sets the genetic
foundation for all subsequent Fix-Res breeding steps (Figure 1). The success of pre-
breeding depends on accurate identification of trait-associated loci through GWAS and the
targeted selection of key alleles using MAS.

A key component of this stage is genome-wide marker discovery, which is used for trait
mapping and parental selection. GWAS enables the identification of QTL associated with
key agronomic traits, and MAS ensures the selection of lines carrying favourable alleles.
Haplotype-based genotyping further enhances this process by tracking recombination
events and identifying complex genetic patterns that bi-allelic SNPs may not capture.

A key requirement in the pre-breeding phase is the selection of parental lines that carry self-
compatibility (S/i) loci. This can be done using MAS with two diagnostic markers developed
by Clot et al. (2020). Currently, these markers are designed for KASP assays, but the Sli
locus on chromosome 12 is not covered by the core PotatoMASH loci. Given its importance,
this locus should be added to enhance the platform’s ability to screen for self-compatibility
in Fix-Res breeding.

A compelling example of pre-breeding facilitated by PotatoMASH is the identification of two
major QTL for unreduced pollen (2nP) production (Clot et al. 2024), a key trait in Fix-Res
breeding that ensures chromosome restitution in interploidy crosses. The study by Clot et
al. (2024) investigated the mechanism and inheritance of unreduced pollen in three
biparental diploid populations, which were genotyped using PotatoMASH. This analysis
identified major-effect QTL for 2nP production on chromosomes 7 and 12, which co-
localized with StJR1 and StJR2, respectively. These genes are homologous to AfJAS, a key
regulator of meiotic restitution and 2n gamete formation. PotatoMASH-derived haplotags
enabled the identification of haplotypes associated with the functionality of these candidate
genes, allowing breeders to screen and select Fix-Res recurrent parents that carry StJR71
and StJR2 haplotypes linked to high 2nP production. These findings reinforce the genetic
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foundation necessary for efficient interploidy breeding and chromosome restitution in later
Fix-Res stages.

Monitoring heterozygosity in recurrent parental lines is an important aspect of Fix-Res pre-
breeding, ensuring that beneficial alleles are retained while avoiding excessive inbreeding
depression. Inbreeding through selfing increases homozygosity, yet certain genomic regions
consistently maintain heterozygosity, likely due to selective pressures preserving beneficial
alleles. Clot in his PhD thesis (2023) demonstrated that recurrent parents in Fix-Res
breeding do not necessarily need to be fully inbred but can remain partially heterozygous,
maintaining genetic diversity vital for agronomic performance.

Introgression breeding: tracking alleles during backcrossing and selection

Once a strong recurrent parent (RP) population is established, the next phase involves
introgressing novel alleles from donor parents (D*) into the recurrent parent population. This
process is essential for introducing new resistance genes and desirable traits. Successive
backcrosses then eliminate unwanted donor background while retaining key introgressed
loci. Genotyping is applied after each backcross to track selected alleles and monitor
recombination patterns, ensuring that beneficial genetic material is preserved. MAS plays a
key role in this phase, allowing breeders to efficiently select for favourable alleles while
eliminating undesirable donor alleles, ultimately leading to the development of improved
recurrent parents (RP*) for further breeding.

Diploid crosses: selecting the best hybrid progenitors

In the diploid breeding phase, two improved recurrent parents (RP*) are crossed to generate
hybrid progenitors (HP), which undergo clonal selection before advancing to interploidy
breeding. The objective is to combine favourable alleles from both parents while maintaining
genetic diversity and stability. PotatoMASH is applied to genotype all newly created hybrids,
allowing breeders to track inheritance patterns and recombination events. This ensures that
beneficial alleles identified in pre-breeding (e.g., Sli, 2nP, resistance genes) are retained,
while undesirable variants are monitored and eliminated through selection.

MAS is used to track and maintain key QTL and resistance genes, ensuring that targeted
traits are successfully passed to the next generation. In particular, MAS is applied to verify
that hybrid progenitors are fixed for Strj7 and heterozygous for Strj2 or vice versa for
unreduced pollen production (2nP) (Clot et al. 2024), a key trait for successful chromosome
restitution in interploidy crosses. In the work presented in Chapter 3, we identified a wide
array of QTL associated with key agronomic and quality traits in diploid potato populations,
which can be leveraged to maintain beneficial alleles through marker-assisted selection.

Using the same PotatoMASH-derived genotyping data, GS is applied in the clonal selection
of hybrid progenitors, using PotatoMASH-derived genomic data to predict the breeding value
of hybrid progenitors. This enables the selection of promising hybrid progenitors based on
predicted performance, complementing MAS by capturing polygenic effects that may not be
detected through QTL-based selection. In Chapter 5, we demonstrated the utility of genomic
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prediction models, based on the same PotatoMASH data as used in the QTL discovery of
Chapter 3, to estimate breeding values for a broad range of complex traits in diploid material.

Inbreeding tracking is also performed in this phase, evaluating homozygosity levels in hybrid
progenitors to stabilize beneficial alleles while preventing excessive inbreeding depression.
This process ensures that Fix-Res hybrid progenitors maintain an optimal balance between
genetic diversity and allele fixation, setting the stage for interploidy crosses. In Chapter 4,
we applied haplotype-based inbreeding tracking to quantify homozygosity levels in diploid
material, offering a valuable tool for guiding parental selection.

Interploidy crosses: chromosome restitution and tetraploid selection

The final stage of Fix-Res breeding involves interploidy crosses, where diploid hybrid
progenitors (HP) serve as male parents in crosses with tetraploid parents (TP). The
presence of unreduced (2n) pollen ensures that the diploid chromosomal content is
transmitted intact, resulting in tetraploid offspring that inherit all the genetic improvements
from previous Fix-Res stages.

However, the tetraploid genetic contribution undergoes segregation, requiring selection to
optimize its composition. PotatoMASH is used to genotype the tetraploid progeny, verifying
the integrity of inherited alleles and tracking genetic variation introduced from the tetraploid
parent. MAS and GS are applied to identify superior descendants, ensuring that only the
most promising individuals are selected for commercialization as clonally propagated
tetraploid varieties.

Genome-wide markers enable tracking of residual
heterozygosity during inbreeding

Inbreeding plays a fundamental role in breeding programs by stabilizing traits and enabling
allele fixation. However, not all genomic regions follow the expected pattern of progressive
homozygosity across generations of selfing. Some loci remain persistently heterozygous, a
phenomenon known as residual heterozygosity (RH), which is maintained due to selective
pressures that favour heterozygous alleles (Marand et al. 2019). These regions often
harbour alleles linked to beneficial agronomic traits such as fertility, vigour, and disease
resistance, which may confer a disadvantage when fully homozygous (Marand et al. 2019;
Peterson et al. 2016; Phumichai and Hosaka 2006). The persistence of RH presents a
challenge in breeding programs, where achieving a balance between fixing beneficial alleles
and maintaining genetic diversity is a critical objective.

Regions Resistant to Inbreeding

To investigate the persistence of RH across generations, we applied haplotype-based
genotyping to assess homozygosity and heterozygosity frequencies at different stages of
inbreeding in diploid clones from the Wageningen University & Research, Plant Breeding
diploid breeding program. Our analysis confirmed the expected trend of increasing
homozygosity across generations, but it also revealed a pattern of non-random
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heterozygosity retention at specific loci, indicating that certain genomic regions are more
resistant to fixation than others. These findings suggest that while inbreeding drives overall
homozygosity, some loci remain selectively heterozygous due to functional constraints or
adaptive advantages.

One of the most striking findings was the persistence of heterozygosity at locus C3_8 on
chromosome 3, which remained heterozygous in 96% of the clones in this study, throughout
the broader diploid breeding germplasm. While this locus has not been previously linked to
a specific trait, chromosome 3 is known to harbour major QTL for yellow flesh colour
(Bonierbale et al. 1988b) and has been reported as a hotspot for total protein content
(Acharjee et al. 2018). In our GWAS study (Chapter 3), we identified several QTL related to
yield components on chromosome 3, including a new QTL associated with low yield and low
tuber number, which co-localized with a QTL for storage stability at cold temperatures. This
storage QTL was associated with dark crisp colour, suggesting that genetic factors
influencing both yield and post-harvest quality traits are linked to chromosome 3.

Similarly, locus C12_10, which remained heterozygous in 94% of individuals, is located near
genes and QTL linked to various yield and reproductive traits on chromosome 12. These
include QTL for yield (McCord et al. 2011) (Chapter 3), canopy vigour (Chapter 3), fruit set
(Peterson et al. 2016), self-compatibility (Clot et al. 2020), and unreduced pollen production
(Clot et al. 2024). The high retention of heterozygosity at these loci suggests that they may
harbour deleterious alleles that are masked by heterozygosity, or alternatively, that
heterozygosity confers an advantage in specific fithess-related traits. This provides further
evidence that Fix-Res breeding must account for the selective pressures maintaining RH
while optimizing allele inheritance for genetic gain.

Another notable observation was the behaviour of chromosome 5 in experimental progenies.
Despite multiple generations of selfing, chromosome 5 remained fully heterozygous in the
parents of each progeny. While some loci along chromosome 5 did reach homozygosity in
some of the offspring, breeder inadvertently selected heterozygous individuals as parents
for the next generation, suggesting an unconscious preference for plants that maintained
heterozygosity at key loci. No individual in the study population reached full homozygosity
across all loci on chromosome 5, indicating that this chromosome harbours genes under
strong selective pressure. These findings align with previous studies identifying
chromosome 5 as a key region for agronomic traits such as maturity (Kloosterman et al.
2013), canopy growth (Chapter 3), unreduced gamete production (Clot et al. 2024), tuber
number, and overall yield (Marand et al. 2019). The continued selection of heterozygous
individuals further reinforces the idea that RH is not merely a by-product of incomplete
inbreeding but rather a functional component of plant fithess and selection dynamics.

Tracking alleles during inbreeding

A key finding of this study was that haplotype-based genotyping provides a more accurate
measure of homozygosity than SNP-based methods. SNP-based homozygosity estimates
tend to overestimate the extent of fixation because they fail to account for recombination
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events and multi-allelic variation within genomic segments. In contrast, haplotag-based
analysis provides a more precise view of genetic variation, allowing for the detection of
regions where heterozygosity persists beyond Mendelian expectations.

When homozygosity levels were measured across different inbreeding stages broader
diploid breeding germplasm, SNP-based analysis estimated an average homozygosity of
75.7% in parental lines, increasing to 83.1% in S1, 87.8% in S2, and 90.4% in S3
generations. However, when assessed using haplotags, homozygosity levels were
significantly lower, with parental lines averaging 41.8% homozygosity, increasing to 59.1%
in S1, 71.8% in S2, and 77.2% in S3. The discrepancy between these estimates indicates
that SNP-based approaches may misrepresent inbreeding progression due to their reliance
on single nucleotide changes rather than full haplotype structures. Unlike SNP-based
methods, haplotag analysis does not require additional parental information to achieve
accurate homozygosity measurements, further demonstrating its advantage in inbreeding
studies.

The reason for these discrepancies lies in how each method processes genomic data. SNP-
based homozygosity estimates often misinterpret IBS (identity-by-state) as IBD (identity-by-
descent), leading to false assumptions of allele fixation. In contrast, haplotags reconstruct
phased haplotypes from sequencing reads, distinguishing between true IBD and IBS events.
This distinction is particularly valuable in highly heterozygous genomes such as potato,
where the ability to accurately track recombination and allele segregation is useful for
effective breeding strategies.

Implications for Fix-Res breeding

While RH presents a challenge in diploid F; hybrid breeding, Fix-Res leverages this
phenomenon by incorporating RH into the selection process rather than eliminating it. Unlike
conventional inbred-line breeding, Fix-Res allows for the strategic retention of
heterozygosity at loci where it is beneficial, thereby mitigating inbreeding depression while
still enabling genetic gain. This approach provides several advantages. First, it preserves
adaptive alleles that contribute to fitness, yield, and reproductive success, ensuring that
these important loci remain heterozygous rather than being lost due to selection pressure
for homozygosity. Second, it helps maintain genetic stability by minimizing the risk of
inbreeding depression, particularly in cases where homozygous alleles may have negative
fithess consequences. Finally, it optimizes allele inheritance by selectively fixing beneficial
alleles while avoiding the unintended fixation of deleterious alleles, ensuring that genetic
gains are maximized without compromising adaptability.

By integrating haplotype-based inbreeding tracking, breeders can make data-driven
decisions to selectively increase homozygosity at targeted loci while maintaining
heterozygous regions essential for plant fitness. This sets Fix-Res apart from conventional
inbred-line breeding, providing a strategic balance between fixation and genetic diversity,
ultimately optimizing both genetic gain and population stability.
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Future perspectives

In this thesis, | demonstrated the application of targeted genotyping via pooled multiple
amplicon sequencing and backed-read haplotyping in potato breeding, showcasing its
potential for cost-effective genotyping and haplotype-based analysis in GWAS, GS and
Tracking alleles during Inbreeding. The findings presented here provide a foundation for
integrating haplotype-based genomic tools into breeding pipelines, but further
advancements are needed to refine and expand their application in Fix-Res and broader
breeding programs. The following areas present key directions for the next phase of
research and implementation.

Developing diagnostic markers and enhancing Genomic Selection

In this thesis, 37 QTL were identified for key agronomic and quality traits, providing a
valuable resource for MAS and GS. However, before these markers can be effectively
implemented in breeding programs, they must be validated across genetically diverse
populations to ensure their reliability and consistency in selection. QTL validation is essential
to confirm their predictive value across different genetic backgrounds.

As discussed in Chapters 3 and 5, while haplotypes provide greater genetic resolution
compared to SNP-based approaches, their rarity can also reduce the amount of available
information which can limit their statistical power in genetic analysis. To improve the
robustness of haplotype-based selection, larger populations are needed to capture a wider
range of haplotypic diversity and recombination patterns. Increasing population size and
genetic diversity will also enhance the statistical power of QTL detection, ensuring that the
markers identified in this study remain informative across different breeding panels.

Beyond QTL validation, expanding the training population for GS is another key priority. The
accuracy of GEBVs depends on the diversity and representativeness of the training
population, as well as the quality and breadth of phenotypic data. Future efforts should focus
on incorporating a broader genetic pool and expanding multi-environment phenotypic
evaluations to refine GP models. By strengthening both MAS and GS through larger and
more diverse datasets, these markers can become powerful tools for accelerating genetic
gain and improving selection efficiency in Fix-Res breeding.

Refining prediction strategies for Genomic Selection

In Chapter 5, we observed that traits controlled by major-effect QTL, such as Tuber Shape
and Maturity, exhibited comparable prediction accuracies to polygenic traits like Yield,
despite the intuitive expectation that strong marker-trait associations should lead to higher
predictive accuracy. This finding suggests that current GP models may not be fully optimized
for traits with major-effect loci, highlighting the need for alternative strategies to improve
prediction efficiency.

Another key consideration is the role of rare alleles in GP models, particularly in genomic
relationship matrix (GRM)-based approaches, which typically place more weight on common
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variants. While rare alleles are often excluded due to their low frequency, they may still
contribute significantly to trait variation, especially if they are linked to critical agronomic
traits such as disease resistance. Given that haplotags identified in this study were often
rare, improving the incorporation of rare alleles into prediction models is important for
ensuring effective selection.

Future work should focus on testing alternative prediction models that account for both
major-effect QTL and rare alleles. One potential strategy is placing greater weight on
markers identified through GWAS or rare but favourable alleles in GEBV estimation, as
suggested in previous studies (Byrne et al. 2020; Goddard 2009; Jannink 2010; Liu et al.
2014). Implementing such weighted approaches could enhance long-term genetic gain,
particularly in breeding programs like Fix-Res, where maintaining adaptive genetic variation
while optimizing selection efficiency is beneficial.

PotatoMASH Version 2.0

The current platform covers 339 loci spaced at 1 Mb intervals across the euchromatic portion
of the genome, providing reasonable genome-wide coverage while being specifically
designed as a low-cost genotyping solution. In Chapter 2, we demonstrated the adaptability
of PotatoMASH, showing that its core marker set can be expanded to include additional
diagnostic markers linked to important traits. Similar to the recent update of the
PotatoDArTag V2 platform, an expanded version of PotatoMASH should facilitate the
integration of newly discovered loci relevant to breeding programs.

Loci targeting resistance traits for MAS should be prioritized in the next version, particularly
those associated with key disease resistance genes. In addition, incorporating the Sli locus
on chromosome 12 would allow for MAS-based selection for self-compatibility, which is key
for breeding at the diploid level. Expanding the marker set to include these critical loci would
improve the platform’s utility in both diploid and tetraploid breeding systems.

Beyond adding specific trait-linked markers, increasing the number of targeted loci by
reducing the marker spacing from 1 Mb to 500 kb would significantly enhance the platform’s
resolution. A denser distribution of markers would improve the ability to detect marker-trait
associations in GWAS and refine GP models. By capturing more recombination events and
identifying additional QTL, a higher-density version of PotatoMASH would provide breeders
with a more powerful tool for accelerating genetic gain.

Collaborating with a sequencing provider for automation and commercial
implementation

Library preparation in the PotatoMASH workflow is a labour-intensive process involving
multiple manual steps, including PCR reactions, barcode assignments, purification, and
normalization, making it time-consuming and prone to errors. Automating these steps would
significantly reduce hands-on time, minimize pipetting errors, and improve reproducibility,
particularly by integrating multiplexed PCR reactions with automated normalization and
pooling. The same applies to the bioinformatics pipeline, where handling sequenced reads
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to call both SNP and haplotag marker sets requires high-performance computing (HPC)
resources and bioinformatics expertise, whereas the final output can be easily processed in
R on local computers. Additionally, some breeding programs, research facilities, and small
commercial breeding companies lack the necessary in-house molecular or bioinformatics
infrastructure, making them reliant on external genotyping services and manual library
construction and data processing remain bottlenecks in terms of time and cost. To enhance
scalability and accessibility, partnering with sequencing service providers or developing a
more automation-friendly protocol would be beneficial. A particularly effective approach
would be to establish PotatoMASH as a commercial service in collaboration with a
genotyping provider like LGC Genomics (www.biosearchtech.com), which provide other
Next-Generation Sequencing (NGS) services and has the molecular, sequencing, and
bioinformatics capabilities to streamline the entire process, making it more efficient and
accessible for routine breeding applications.

Developing bioinformatics tools for multi-allelic haplotypes

One of the primary advantages of haplotags identified through PotatoMASH is their ability
to capture multi-allelic variation at a given locus, offering a more comprehensive
representation of genetic diversity. However, in this study, haplotags were treated as
pseudo-SNPs, meaning they were converted into binary or dosage-based formats rather
than being analysed as true multi-allelic markers. This simplification was necessary to
integrate PotatoMASH data into widely used genomic analysis tools such as GWASpoly
(Rosyara et al. 2016) for GWAS and rrBLUP (Endelman 2011) or BGLR (Pérez and de los
Campos 2014) for the development of GP models, all of which primarily support bi-allelic
SNP-based models. While this approach proved effective in identifying QTL in Chapters 2
and 3 and achieving high GP accuracy in Chapter 5, it may have resulted in a loss of genetic
information relevant for detecting complex trait associations.

Future research should focus on developing computational pipelines that can integrate
haplotags as true multi-allelic markers, which could significantly enhance genetic analysis
and improve selection efficiency. Understanding the nature of allelic interactions within and
between loci would provide deeper insights into the genetic architecture of complex traits.
Recently, Thérése Navarro et al. (2022) developed mpQTL, a software for QTL analysis at
any ploidy level under both bi-allelic and multi-allelic models, specifically designed for multi-
parental populations. Their approach was demonstrated using simulated data of short-range
haplotypes in autotetraploid multi-parental populations. Combining such methodologies with
real-world data from genetically diverse panels like the current study could provide a clearer
picture of the genetic control of traits in highly heterozygous systems. From both a genetic
and practical breeding perspective, advancing these analytical frameworks would improve
the precision of marker-assisted selection and accelerate genetic gains in potato breeding
programs.

181



Chapter 6

Concluding remarks:

This thesis demonstrates how a single genotyping platform can support key breeding
activities in potato by combining cost-effective targeted amplicon sequencing with read-
backed haplotyping. By facilitating GWAS, MAS, genomic prediction, and the tracking of
inbreeding, this approach helps breeders make more informed decisions throughout the
breeding process. Haplotags complement SNPs, improving QTL resolution and the tracking
of inbreeding in highly heterozygous material. Genomic prediction using our low-density
targeted genotyping assay achieves accuracies comparable to high-density marker data
and perform well across a suite of complex traits. Although breeding by design remains a
long-term goal in a complex crop like potato, this thesis contributes concrete steps toward
that vision. The next steps will involve scaling up this approach to more diverse populations
and expanding its use across breeding programs. Furthermore, implementing breeding
strategies informed by genomic data will accelerate crop improvement and support the
development of the next generation of potato varieties.
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Summary

Summary

In the current era of ever-advancing genomic technologies, the objective of “breeding by
design”, the precise ability to combine favourable alleles across the genome, remains both
an aspirational goal and a persistent challenge. In the context of potato, this vision has
proven particularly elusive. The tetraploid nature of potatoes, coupled with high
heterozygosity, and polygenic trait architecture complicates the prediction of genetic gain,
while the cost of genome-wide genotyping has limited the routine use of genomic tools in
breeding programs.

This thesis set out to ask a simple but ambitious question: is it possible to develop a
genotyping system that is both cost-effective and broadly applicable, one that facilitates real-
world breeding decisions, encompassing trait mapping, inbreeding analysis, and genomic
prediction? To answer this question, | aimed to evaluate the strengths and limitations of such
a system using realistic experimental material from the breeding programs of TEAGASC
and the Fixation-Restitution project.

The outcome of this investigation was PotatoMASH: a low-cost, amplicon-based platform
capable of generating both SNPs and read-backed haplotypes (haplotags). Designed with
versatility as a priority, PotatoMASH supports multiple breeding applications from a single
dataset.

The subsequent chapters examine how this platform can support key activities in genomics-
assisted breeding, with particular emphasis on its application in Fixation-Restitution (Fix-
Res) breeding, a strategy where both allele fixation and the preservation of strategic
heterozygosity are essential to success.

Chapter 2 introduces PotatoMASH (Potato Multi-Allele Scanning Haplotags), a novel, low-
cost, amplicon-based genotyping platform built on the “Genotyping in Thousands by
Sequencing” framework. PotatoMASH targets 339 multi-allelic loci evenly spaced at 1 Mb
intervals throughout the euchromatic portion of the genome and uses deep sequencing. In
conjunction with Stack Mapping Anchor Points (SMAP) software for read-backed
haplotyping, PotatoMASH simultaneously generates two types of markers: SNPs and short-
read multi-allelic haplotypes (haplotags). The platform was validated across more than 700
potato clones. It reliably captured high levels of haplotypic diversity, ranging from 2 to 14
haplotags per locus, and proved useful across a variety of breeding applications. These
included the detection of diagnostic markers for pest resistance, genome-wide association
studies (GWAS) and genetic mapping in a biparental population. At a cost of €4-5 per
sample (excluding bioinformatics and labour costs), PotatoMASH offers a flexible and
scalable genotyping solution that combines affordability with rich allelic information. Its
development marks an important step toward making genome-wide marker data accessible
for routine use in breeding programs, laying the technical foundation for the downstream
analyses presented in later chapters.
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Chapter 3 explores the use of PotatoMASH to discover quantitative trait loci (QTL) in a
diverse panel of 618 diploid potato clones that were part of the Fixation-Restitution breeding
project. This panel was phenotyped for 23 agronomic, morphological, and quality traits over
three years as part of a collaborative effort involving six European diploid breeding
programs. GWAS were performed for all traits using both SNPs and haplotags, derived from
read-backed phasing of SNP combinations. High haplotypic diversity was observed in the
panel, with 2 to 30 haplotags per locus. A total of 37 QTL were identified across 20 traits: 10
detected by both marker types, 14 uniquely by haplotags, and 13 by SNPs. Although
haplotags were initially hypothesized to outperform SNPs due to their multi-allelic nature,
the two marker types captured different signals. Further investigation revealed that haplotag-
only QTL often involved SNPs embedded in non-significant haplotags, whereas SNP-only
QTL typically involved markers distributed across several low-frequency haplotags, reducing
the power of haplotype-based tests. These findings highlight the complementary value of
using both marker types in parallel.

This chapter presents one of the most extensive multi-trait association studies in diploid
potato to date. We report 19 novel QTL across nine traits: skin smoothness, sprout
dormancy, total tuber number, tuber length, yield, chipping colour, after-cooking blackening,
cooking type, and eye depth, mapped across eight chromosomes.

Chapter 4 investigates the use of haplotag-based genotyping to track homozygosity
changes, estimate selfing rates, and monitor genome-wide residual heterozygosity (RH) in
diploid potato breeding populations. A collection of 271 inbred diploid clones from the
Fixation-Restitution breeding program of Plant Breeding Wageningen University & Research
was genotyped using PotatoMASH to provide a snapshot of the genetic composition shaped
by over 40 years of breeding. In addition, 174 individuals from a self-compatible lineage,
spanning three generations of inbreeding, were analysed to identify chromosome-wide
patterns of allele fixation and residual heterozygosity. Homozygosity estimates derived from
haplotags were consistently more accurate than those based on SNPs. For example, in the
S1 generation, SNPs estimated 83.1% homozygosity, while haplotags gave a more accurate
and conservative estimate of 59.1%, indicating that SNP-based dosage scoring significantly
overestimate homozygosity, particularly in highly heterozygous material or in the absence
of parental genotypes. Despite progressive selfing, several genomic regions remained
consistently heterozygous. Chromosome 5 showed complete retention of heterozygosity
across all generations. Additional resistant loci included C3_8 (heterozygous in 100% of
individuals) on chromosome 3 and C12_10 (heterozygous in over 90%) on chromosome 12.
These regions co-located with previously reported QTL associated with fertility and
performance traits known to be affected by inbreeding depression, suggesting selective
retention of heterozygosity at functionally important loci. This chapter demonstrates that
haplotype-based genotyping provides a robust and high-resolution approach to tracking
inbreeding and managing heterozygosity in diploid breeding programs. In the context of Fix-
Res breeding, where strategic heterozygosity at key loci may be critical to success,
haplotags offer a powerful tool to guide selection and crossing decisions.
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Chapter 5 evaluated the use of PotatoMASH as a low-cost genotyping platform for genomic
prediction (GP). In a tetraploid population phenotyped for fry colour, PotatoMASH
performance was compared to high-density GBS data (43.6k SNPs). Despite using far fewer
markers (2,236 SNPs and 2,000-3,390 haplotags), predictive accuracy (PA) was reduced
by only 14% with SNPs and 9% with haplotags relative to GBS, at a cost 10-20 times lower
per clone. In a diploid breeding panel of 558 clones, GP models were developed for 23
agronomic, quality, and morphological traits, with predictive accuracies ranging from 0.29 to
0.81. Based on findings from previous chapters, where SNPs and haplotags showed distinct
differences in performance for QTL detection, we expected similar contrasts in GP.
However, the differences in predictive accuracy between the two marker types were
generally subtle, even though some were statistically significant. Haplotags outperformed
SNPs in 11 traits, while SNPs outperformed haplotags in six traits; the remaining six traits
showed comparable results. In previous chapters, haplotags were constructed using the
SMAP haplotype-sites module, which combines pre-called SNPs into haplotypes based on
read-backed phasing. In this chapter, we also evaluated haplotypes generated using the
newer SMAP haplotype-window module, which reconstructs haplotypes directly from full
read sequences. Because haplotype-window does not rely on predefined SNPs, it captures
broader genetic diversity. Additionally, it generates sequence-based identifiers that are
consistent across populations, improving marker comparability and enabling cross-
population interoperability for research and breeding applications.

Chapter 6 provides a synthesis of the work presented in this thesis, reflecting on the
development and application of PotatoMASH within the broader context of breeding by
design in potato. It revisits the technical and practical challenges that have historically limited
the implementation of genomics-assisted breeding in this crop, namely, its polyploid nature,
high heterozygosity, and the cost of genome-wide marker systems, and outlines how
PotatoMASH was designed to address these limitations. The chapter draws on findings from
earlier chapters to show how a single, low-cost genotyping platform can support key
genomic tools, GWAS, MAS, genomic prediction, and inbreeding tracking, within a single-
genotyping event, enabling breeders to reuse the same dataset across multiple decision
points. These tools are discussed in relation to their roles within the Fix-Res framework,
from pre-breeding and introgression through diploid selection and interploidy crosses. The
advantages of read-backed haplotypes are emphasized throughout, particularly their ability
to capture multi-allelic variation, provide improved resolution in marker—trait associations,
produce more accurate homozygosity estimates, and track genetic segments through
inbreeding. While the discussion is structured around the Fix-Res approach, the genotyping
platform and analytical strategies described are also considered in the context of other
breeding systems that rely on structured selection and genome-informed decision-making.

205



Summary

Conclusion: towards breeding-by-design with read-backed haplotypes

This thesis demonstrates that read-backed haplotypes, when derived from a carefully
designed and cost-effective amplicon sequencing marker platform like PotatoMASH, can
support breeding-by-design in potato. Each chapter contributes to this central aim:

Chapter 2 established a novel genotyping platform.

Chapter 3 validated its value for QTL discovery.

Chapter 4 showed its application for tracking inbreeding.

Chapter 5 proved its utility for genomic prediction.

Chapter 6 unified these findings under a modern breeding framework.

Together, these chapters show that the multi-allelic nature of haplotags is a powerful
complement to SNPs, offering a higher resolution and improved biological insight while
maintaining affordability. PotatoMASH enables a unified genotyping strategy across
breeding phases and is especially well-suited to Fix-Res breeding, but applicable more
broadly to diploid and tetraploid systems alike. By integrating cost, resolution, and versatility,
this work represents a meaningful step toward realizing practical genomic selection and
allele fixation in potato breeding.
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