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Abstract 

Apple (Malus domestica) and peach (Prunus persica) breeding programs face significant 

challenges, including long juvenile periods, high evaluation costs, and complex trait 

architectures. Genomic selection (GS) can accelerate genetic progress by enabling earlier 

selection, shortening breeding intervals, and improving parental selection. The 

effectiveness of GS depends on integrating genomic data and balancing genotyping costs 

with operational savings. This thesis evaluates the genetic and economic efficiency of GS 

in apple and peach breeding under realistic operational constraints. 

A microeconomic framework was combined with stochastic simulations to compare 

conventional phenotypic selection with six alternative strategies integrating GS, 

phenotypic selection (PS), and genomic parental mating optimization. Selection schemes 

and costs were parameterized using information from commercial apple and peach 

breeding programs. The strategies were evaluated across three heritability levels using 

genetic gain as the outcome measure. 

Across species and heritability levels, the greatest genetic gain was obtained when 

genomic information was used to optimize parental crosses and complement phenotypic 

selection. The relative advantage of GS was greatest for low-heritability traits. In apple, 

GS alone at the hybrid stage did not consistently outperform PS, highlighting the 

importance of genomic cross design. In peach, GS combined with genomic parental 

mating optimization achieved genetic gain comparable to or greater than PS while 

shortening the breeding cycle and maintaining a budget closer to the conventional scheme 

than the combined PS+GS strategy.  

These results show GS can improve the efficiency of genetic progress in fruit tree 

breeding, but its value depends on species, program design, trait heritability, training 

population setup, and costs. Genomic tools are therefore most effective when strategically 

placed early for cross design and selection of complex traits, rather than used as 

replacements for phenotypic evaluation. 

Keywords: fruit tree breeding, Malus domestica, Prunus persica, selection scheme, 

genomic parental mating optimization, stochastic simulation, microeconomic framework, 

genetic gain  
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I. Introduction 

1.1 Key aspects for apple and peach breeding 

1.1.1 Economic aspects 

Apple (Malus domestica) and peach (Prunus persica) are among the most 

economically important temperate fruit crops in the Rosaceae family. Apple is the third 

most cultivated fruit crop globally, with a total production of 97 million tons in 2024 and an 

estimated market value of $111 billion USD (FAOSTAT, 2024). China leads in production, 

with significant contributions from Europe and the USA (fig. 1a). Its yield has increased by 

approximately 60% since 1990 (fig. 1c).  

Similarly, global peach production in 2024 was estimated at 27 million tons, with China as 
the leading producer, followed by Europe (fig. 1b; FAOSTAT, 2024). It had an estimated 

gross production value of about $21 billion USD and a ~52% increase in yield over the last 

two decades (fig. 1d; FAOSTAT, 2024). Beyond its agricultural value, peach also serves 

as a critical genetic model for the genus Prunus and the broader Rosaceae family (Osorio 

et al., 2026). 

1.1.2 Fundamental biology 

Both crops share a common ancestry, as they belong to the Rosaceae family and 

the Amygdaloideae subfamily (Yamamoto & Terakami, 2016). However, their fundamental 

biology diverges significantly. Peach serves as a key genetic model for the genus Prunus 

because of its relatively small diploid genome of 256 Mb (Prunus Persica | GDR, n.d.) and 

its high level of self-compatibility (Biscarini et al., 2017; Da Silva Linge et al., 2021). 

Conversely, apple is an outcrossing species characterized by a gametophytic self-

incompatibility system and a larger heterozygous genome of 750 Mb (Malus x Domestica 

| GDR, n.d.), being a diploid but exhibiting ancient polyploid characteristics (A. F. Iezzoni 

et al., 2020; Velasco et al., 2010).  

The peach fruit is anatomically classified as a drupe, characterized by a fleshy mesocarp 
that surrounds a hard endocarp, commonly known as a stone or pyrene, which contains a 

single seed (Zheng et al., 2014). Apple fruit is classified as a pome because its edible 

portion develops from the hypanthium, which is composed of five carpels, and surrounds 

b) 
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a central core derived from the ovary, which contains several seeds (Dardick & Callahan, 

2014; Drazeta et al., 1999). 

 c)

  
 

  

The genetic improvement of these species faces challenges due to the biological 

constraints of perennial fruit trees. Both apple and peach trees have long juvenile periods, 

delaying the collection of relevant phenotypic data because breeders must wait until the 

trees mature to evaluate harvestable fruit traits.  

a) 

Figure 1. Total production of apples (a) and peaches (b) in 2024 by region, and their production yield 

since 1990 (FAOSTAT, 2024). China is the main contributor to the production in Asia. M ha = million 

hectares; M t = million tons.  

d) 

b) 
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Peach requires an average of three years to reach reproductive maturity (Monet et al., 

1996), allowing for relatively faster breeding cycles compared to apple, which can take up 

to seven years to transition from seed to the reproductive phase (Kumar et al., 2012). As 

a result, a traditional selection cycle can last more than 20 years (OConnor et al., 2021). 

Despite these long juvenile periods, both apple and peach benefit from their capacity for 

vegetative propagation through grafting. This propagation strategy allows breeders to 

extensively replicate and evaluate clones across multiple years and environments to 
assess genotype-by-environment (GxE) interactions and to exploit complex non-additive 

effects, such as dominance and epistasis, while maintaining high heterozygosity within 

elite genotypes (Aranzana et al., 2019; Pacheco-Ruiz et al., 2025).  

The large physical size of fruit trees requires extensive experimental orchards and 

significant labor, which limits the number of individuals that can be evaluated in field trials. 

Consequently, tree spacing becomes a critical constraint in experimental designs. For 

example, a specific field evaluation in apple orchards employs planting spacings of 3.0 

meters between rows and 0.5 meters between trees within the row (Kumar et al., 2012).  

In peach, canopy dimensions vary with genetically determined tree architectures, including 
standard spreading forms, semi-dwarfs, and brachytic dwarfs (Aranzana et al., 2019). 

Although substantial genetic variability in tree architecture also exists in apple, modern 

commercial apple orchards are predominantly trained to two-dimensional trellised 

systems, whereas peach production still encompasses a wider diversity of tree 

architectures. Apple tree height and vigor are primarily managed through the selection of 

rootstocks, with dwarfing and semi-dwarfing rootstocks commonly utilized to reduce 

overall tree height and enable high-density plantations (Beckman & Lang, 2003).  

1.1.3 Domestication and diversity 

Apple was domesticated about 4,000-10,000 years ago in Central Asia (Cornille et 

al., 2014), and since then, thousands of apple cultivars have been propagated and 

conserved through grafting (Way et al., 1991). However, nowadays commercial production 

relies on a few high-performing clones. Over half of US apple plantings are Red Delicious, 

Gala, Fuji, or Honeycrisp, with ancestors like Golden Delicious, McIntosh, and Jonathan 

in their pedigrees (Tegtmeier et al., 2025). 
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Peach likely originated in southwest China, with fossils and DNA evidence indicating its 

emergence in the Pliocene (Y. Yu et al., 2018). Edible peaches first appeared between 

3.47 and 2.6 million years ago, with fossils from Kunming, China, dating to 2.6 million years 

ago and resembling modern peach stones, indicating they existed before human 

cultivation (Y. Yu et al., 2018). Archaeological evidence from the Yangtze River valley 

indicates peach cultivation 8500–7500 years ago, though some suggest domestication in 

northwest China around 4000–5000 years ago (Y. Yu et al., 2018; Zheng et al., 2014). 

Modern cultivated peach cultivars also come from a few specific founder genotypes. The 

“Chinese Cling” landrace is recognized as a key founder genotype in the history of global 

peach breeding in China, Japan, the USA, and Europe due to its highly desirable flavor 

and strong aroma (Li et al., 2023).  

Cultivars such as the low-acid nectarine 'Big Top® Zaitabo' have become industry 

standards for their sweet taste and good postharvest quality (Laurens et al., 2018). The 

cultivar 'Lovell' is of fundamental scientific importance worldwide, as its fully homozygous 

doubled-haploid genotype was used to create the first high-quality reference genome 

sequence for the species (Verde et al., 2013). 

Peach production also depends on regionally important cultivars. In Europe, and 

particularly in France, cultivars such as 'Coraline® Monco' and 'Big Top® Zaitabo' are 

widely used, while 'Elberta', 'Redhaven', and 'O’Henry' have been important in North 

America, 'Akame' and 'Hakuto' in Japan, and numerous landraces remain important in 

China (Zheng et al., 2014). 

Contrasting patterns of genetic diversity are observed in apple and peach, reflecting 

differences in domestication history and breeding strategies. The large-scale evaluation of 

the collections within the FruitBreedomics project revealed that apples exhibit high levels 

of genetic diversity and a weak population structure, confirming prominent, large-scale 

gene flow across Europe (Laurens et al., 2018). Conversely, peach cultivars exhibited an 

unbalanced distribution of homozygous and heterozygous regions along the genome, 

characterized by large monomorphic regions that are identical by descent due to a 

remarkably high level of co-ancestry (Laurens et al., 2018).  
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1.2 Modern breeding programs 

Standard fruit tree breeding generally follows three main stages (fig. 2). First, suitable 
parents are identified and crossed, and the best offspring are selected from large families. 

Since the parents are not pure lines, these hybrids should be called ‘pseudo-F1’, but for 

simplification, we later use the term F1. Because these species are highly heterozygous 

and clonally propagated, each F1 seedling undergoes preliminary screening in 

unreplicated trials. Selected individuals are then vegetatively propagated. These clones 

are advanced to multi-year trials across diverse environments to evaluate phenotypic 

performance, yield stability, and GxE interactions. Finally, the elite advanced selections 

undergo larger-scale testing, often conducted within commercial orchards to confirm 

agronomic and economic viability (Bančič et al., 2025; OConnor et al., 2021). 

Thus, the first stage of each selection cycle involves a large-diversity phase, which can be 
the most costly, both economically and in selection effort, due to large family sizes. 

However, this stage also offers the best opportunity for optimization through early and 

more precise identification of promising genotypes (Muranty et al., 2015). 

 

Figure 2. General selection 
scheme exemplifying a 
typical clonally-propagated 
tree breeding program, 
including a first, large-
diversity phase of 
unreplicated plants and two 
stages of clonal selection. 
The first phase is when 
MAS is commonly used 
and GS has greater 
potential. Planting and 
growing periods should be 
considered between each 
selection campaign. 
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1.2.1 Current challenges 

Despite differences in germplasm genetic diversity, both species face similar 

breeding challenges associated with the repeated use of elite founders. Extensive 

domestication and recurrent selection for desirable horticultural traits have reduced 
genetic polymorphism and increased co-ancestry within modern commercial germplasm 

pools (Migicovsky et al., 2021; Shimizu & Nonaka, 2025; Urrestarazu et al., 2016). 

Many current commercial cultivars were also developed for production systems heavily 

reliant on chemical pesticides, leaving them highly susceptible to prevalent endemic 

diseases (Aranzana et al., 2019; Jung et al., 2022). As production systems shift toward 

more sustainable and pesticide-free approaches, this restricted genetic diversity limits the 

exploitable variation available to breeders and constrains the development of cultivars 

resilient to both existing pathogens and emerging biotic and abiotic stresses (Aranzana et 

al., 2019; Serrie et al., 2024). 

Moreover, some important agronomic traits, such as fruit weight, yield, and soluble solids 
content, are highly polygenic quantitative traits. These traits often exhibit low-to-moderate 

narrow-sense heritabilities (h²) and are strongly influenced by environmental factors and 

G×E interactions, which can make traditional phenotypic selection (PS) challenging. 

However, GxE interactions also highlight the importance of local adaptation, suggesting 

that breeding objectives should not necessarily focus on developing cultivars that perform 

uniformly across a wide range of environments, but rather on cultivars adapted to specific 

environmental conditions. Such a strategy may also promote greater diversity among 

cultivated varieties (Serrie et al., 2024). 

Although these challenges can be partially offset by vegetative propagation, grafting 

simultaneously complicates selection by introducing rootstock-scion interactions (Mauro 

et al., 2022) and preventing the precise evaluation of selection candidates on their own 

roots (Kumar et al., 2011). 

Despite biological bottlenecks, boosting breeding efforts is essential to address agronomic 

concerns and meet market preferences. Consumer expectations demand higher 

nutritional content and fruit organoleptic quality. Thereby, consumption can be reduced by 

inconsistent fruit quality (Cirilli et al., 2016; Pacheco-Ruiz et al., 2025; Peil et al., 2011). 
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Futhermore, the long juvenile phases and the need for prolonged, multi-year field 

evaluations to obtain reliable phenotypic data at physiological maturity (Magon et al., 2023; 

Pacheco-Ruiz et al., 2025; Shimizu & Nonaka, 2025) limit traditional PS, which remains 

slow and resource-intensive, severely limiting the rate of genetic gain and often requiring 

decades to deliver new commercial cultivars (Robinson et al., 2025). 

1.2.2 Breeding objectives 

Currently, fruit quality and yield are the main breeding goals in commercial apple and 

peach production, with disease resistance being important but secondary (Peil et al., 2011; 

Serrie et al., 2024). Peach breeding programs primarily focus on improving fruit quality to 

meet market demands, including traits such as longer storability, transport resistance, 

specific shapes, and better nutritional value (Lirong et al., 2020). Surveys show that 

producers prioritize fruit quality traits over disease resistance because they directly affect 

consumer acceptance and retail value (Yue et al., 2013). The importance of these traits 

varies by location and experience, influenced by economic factors such as orchard costs 

and consumers’ willingness to pay for high-quality fruits (Yue et al., 2013). 

Apple producers prioritize fruit flavor and crispness as the most important traits (Yue et al., 

2013), alongside scab resistance (Laurens et al., 2018), shelf life, and firmness (Yue et 

al., 2013). Peach breeding centers on enhancing sugar content and sweetness perception 

(Cirilli et al., 2016), with additional emphasis on bacterial spot resistance (Gasic et al., 

2015), post-harvest shelf life, and fruit appearance (A. Iezzoni et al., 2016). 

Developing varieties with predictable blooming times suited to specific environments is key 

to adapting crops to different climates. Global warming often accelerates plant growth and 

causes plants to bloom earlier, increasing the risk of spring frost damage (Aranzana et al., 

2019; Cazenave, 2022). Breeders systematically evaluate traits like bloom and ripening 

dates (Da Silva Linge et al., 2021). As climate change continues to impact flowering and 

productivity, creating new, climate-resilient cultivars remains a priority (Peil et al., 2011).  

In peach breeding, defining targets requires considering fruit classes because market 

segments demand different traits, such as peach or nectarine type, flesh color, and fruit 

shape. These combinations create profiles essential for meeting consumer needs. A 

similar segmentation based on visual attributes also occurs in apple breeding, where 

producers and breeders target specific skin ground and over colors, such as distinct red 

or green varieties (Jung et al., 2022). 
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Breeders must develop cultivars covering the entire production calendar, with overlapping 

harvest periods to fit narrow optimal harvest windows. This is particularly critical in peach, 

where fruit generally has a much shorter storage life than apple, making the precise 

positioning of cultivars within the harvest calendar essential for producers. If harvests are 

excessively concentrated within the same period, temporary oversupply can also lead to 

price reductions. 

Therefore, extending the overall ripening season and filling specific gaps in the production 
calendar are major strategic objectives. Breeders must carefully evaluate maturity dates 

for crop scheduling and target specific production time slots that complement the available 

cultivar catalog (Frett et al., 2012; Osorio et al., 2026). 

Tree architecture, although less often discussed than fruit quality, is important for 

maximizing yield and reducing orchard management costs. Therefore, managing 

vegetative development is essential for controlling tree geometry and facilitating orchard 

operations, and it requires specific pruning efforts and training systems (C. Zhang et al., 

2023). 

Key traits include interconnected characteristics that affect agronomic performance, fruit 
quality, and market acceptance, grouped into productivity and organoleptic quality. These 

traits form an integrated framework for early elimination of undesirable seedlings and 

advancement of promising ones, influenced by heritability, phenotypic variation, and 

prediction accuracy (Muranty et al., 2015). 

1.2.3 Marker-Assisted Selection 

Breeding programs employ complementary conventional and molecular 

approaches, such as Marker-Assisted Selection (MAS; Table 1). However, the 
effectiveness of molecular methods varies substantially. Single-gene disease resistances 

show high success with MAS (Iezzoni et al., 2020), whereas quantitative traits such as 

sugar content remain challenging due to low heritability and environmental influence (Cirilli 

et al., 2016). 

MAS is crucial for pyramiding disease-resistance genes into elite germplasm to confer 

durable resistance. Large-scale apple breeding programs have developed pre-breeding 

materials by combining up to seven resistance genes, targeting apple scab (Rvi2, Rvi4, 

Rvi6) and powdery mildew (Pl1, Pl2, Pld, Plm; Laurens et al., 2018). Specific crossing 
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schemes have accumulated up to three scab resistance genes (Rvi2, Rvi4, Rvi6) and 

generated multi-disease pyramids coupling powdery mildew (Pl1, Pl2) with scab (Rvi4, 

Rvi6; Peil et al., 2011). Integrating MAS with rapid breeding has accelerated the stacking 

of resistance alleles, at Rvi6, RviHC, FB5, and FB7, from multiple donors (A. F. Iezzoni et 

al., 2020). 

MAS can also be combined with strategies that shorten the interval between generations. 

The low-input fast-track (LIFT) system, for example, integrates early molecular 
identification of seedlings carrying target resistance genes with accelerated greenhouse 

growth cycles and artificial vernalization. This approach can reduce generation time to 

approximately two years, thereby accelerating the introgression and stacking of resistance 

genes in apple (Bühlmann-Schütz et al., 2025). 

1.2.4 Genomic Selection adoption 

Genomic selection (GS) uses genome-wide markers to predict the genetic potential 

of individuals, bypassing or complementing phenotypic evaluation. It relies on a reference 
population that is genotyped and phenotyped to build a model that estimates marker 

effects. This model predicts genomic estimated breeding values (GEBVs) for genotyped 

candidates in a target population. Breeders use GEBVs to select top individuals, speeding 

breeding cycles and boosting genetic gain (Budhlakoti et al., 2022).  

GS can be particularly promising for perennial Rosaceae crops, where many breeding 

targets are governed by complex polygenic architectures (Pacheco-Ruiz et al., 2025; X. 

Zhang et al., 2025). In these species, high heterozygosity generates broad phenotypic 

variation and allows favorable dominance effects to be maintained through clonal 

propagation, thereby supporting continued genetic improvement. At the same time, this 

genetic complexity complicates parent selection and the prediction of superior crosses, 

especially for low-heritability traits such as fruit size, which is also strongly influenced by 

environmental conditions and crop management. 

To address these limitations, modern breeding programs are increasingly shifting from 

predominantly empirical PS toward data-driven approaches that integrate genomic 

information. Within this framework, GS can improve the prediction of breeding values and 

support more informed parental choice and cross design for complex traits (Pacheco-Ruiz 

et al., 2025). 
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Table 1. Representative applications of MAS in apple and peach breeding programs. 

Species MAS 
application 

Representative 
loci/markers Main use References 

Apple Disease 
resistance 

Rvi6 
(Vf), FB_MR5, Pl1 

Early seedling selection and 
pyramiding of resistance against 
apple scab, fire blight, and 
powdery mildew 

(Baumgartne
r et al., 2016) 
(Iezzoni et al., 
2020) 

Apple 
Fruit texture 
and 
storability 

MdACS1, MdACO
1, MdPG1 

Prediction of firmness, ripening 
behavior, texture, and 
postharvest storage 
performance before fruiting 

(Laurens et 
al., 2018); 
(Kumar et al., 
2012) 

Apple Fruit color 
and acidity 

MdMYB10, Rf, Ma 
QTL 

Selection for red skin coloration 
and fruit acidity balance 

(Iezzoni et al., 
2016) 

Peach Disease 
resistance 

PpeXapF, Xap.Pp.
OC-
1.2, Xap.Pp.OC-
6.1 

Early screening for bacterial spot 
resistance using SNP and KASP 
markers 

(Iezzoni et al., 
2020); (Miller 
et al., 2019) 

Peach 
Fruit 
commercial 
type 

G, Y, F-M, D loci 

Prediction of nectarine skin, 
flesh color, melting/freestone 
texture, and low acidity before 
field planting 

(Laurens et 
al., 2018); 
(Iezzoni et al., 
2020) 

Peach Fruit quality 
and maturity 

SNP and SSR 
markers linked to 
maturity date, 
soluble solids 
content, and 
texture 

Early selection for sweetness, 
harvest timing, and texture-
related quality traits 

(Da Silva 
Linge et al., 
2021);  
(Pacheco-
Ruiz et al., 
2025) 

Unlike traditional MAS, which targets a few major-effect genes, GS uses dense genome-

wide molecular marker datasets to simultaneously estimate the effects of all QTLs (Magon 

et al., 2023; W. Yu & Cheng, 2024). These high-density datasets can be obtained through 

various high-throughput genotyping platforms, including not only standard SNP arrays but 

also next-generation sequencing approaches such as genotyping-by-sequencing (GBS) 

and whole-genome sequencing (WGS) (Seyum et al., 2022).  

Using dense datasets demands significant computational resources and poses statistical 

challenges. When the number of molecular markers far exceeds phenotyped individuals, 

overparameterization can cause overfitting and poor predictions. Dense genome coverage 

may also lead to multicollinearity, as many markers are correlated due to linkage 

disequilibrium (LD; Budhlakoti et al., 2022; Seyum et al., 2022). 

To address statistical challenges, GS uses specialized mathematical frameworks that 

handle high-dimensional data without relying on strict prior marker selection. Predictive 



 

 

16 

 

pipelines employ penalized regression models such as ridge regression and Bayesian 

approaches that assign prior distributions to marker variances (Budhlakoti et al., 2022).  

Calculating GEBVs at the seedling stage allows breeders to make informed selection 

decisions before plants reach maturity (Kumar et al., 2012; Li et al., 2023). This approach 

fundamentally reconfigures the breeding pipeline by influencing all parameters of the 

breeder's equation (eq. 1), which defines genetic gain over time (Campoy et al., 2016; 

Kumar et al., 2012). GS can reduce the generation interval, enable higher selection 
intensities, improve prediction accuracy for complex traits, and allow precise monitoring of 

additive genetic variance and inbreeding (Muranty et al., 2015; Wartha & Lorenz, 2021). 

Empirical studies and simulations in rosaceous crops have consistently demonstrated the 

substantial potential and high predictive abilities of GS for various complex traits. In apple 

breeding, prediction accuracies for fruit quality traits such as firmness and sugar content 

have been reported to range from 0.70 to 0.90 (Kumar et al., 2012). These results were 

obtained using a training population of approximately 1,200 individuals derived from 

several F1 breeding families, representing a relatively favorable scenario for genomic 

prediction. 

In European peach populations, average predictive abilities of 0.65 were reported, 

reaching 0.84 for fruit weight and 0.83 for acidity. However, these optimistic values were 

strongly influenced by experimental designs in which predictions were evaluated within 

closely related full-sib families (Biscarini et al., 2017). 

Furthermore, this early prediction capability establishes two major complementary routes 

for breeding efficiency: it not only facilitates the early selection of promising candidates for 

advanced testing as potential commercial cultivars, but it also enables the rapid reuse of 

these superior candidates as next-cycle parents (Kumar et al., 2012). This drastically 

reduces the generation interval and accelerates the accumulation of favorable alleles in 

the parental pool, boosting the overall rate of genetic progress across cycles (Kumar et 

al., 2020). 

In this way, genomic-based decisions can also support parental mating designs at the 

crossing stage starting each cycle. Genomic Predicted Cross-Performance (GPCP) is an 

emerging approach that optimizes parental combinations by predicting the expected total 

genetic value of their progeny, rather than relying solely on the GEBVs of individual parents 

(Nyaga et al., 2025). GPCP is particularly beneficial in clonally propagated crops prone to 
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inbreeding depression because it exploits additive and dominance effects to maximize 

heterosis through parent complementarity (Nyaga et al., 2025; Werner et al., 2023). 

Another important aspect for breeders is resolving the trade-off between short-term 

genetic gain and long-term genetic diversity. Optimal Contribution Selection (OCS) is 

integrated into GS frameworks as an optimization strategy to balance maximizing genetic 

gain with preserving genetic diversity (Allier et al., 2019). While GPCP maintains more 

heterozygosity and dominance variance, coupling it with OCS sustains the breeding 
pipeline by reducing inbreeding and limiting elite genetic overrepresentation (Vieira et al., 

2025). This prevents rapid genetic erosion and keeps GS a durable strategy. 

Nevertheless, general operational adoption of GS still depends on its economic viability 

and cost-effectiveness. The integration of high-throughput genotyping requires significant 

capital investment, introducing new financial dynamics into established breeding 

operations (Heffner et al., 2009; Iwata et al., 2016). The primary economic benefit of GS 

derives from reduced phenotyping and field maintenance costs, as genetically inferior 

seedlings can be discarded before being grafted and planted in orchards.  

 

1.3 Cost-effectiveness of Genomic Selection 

1.3.1 Breeder’s equation 

The theoretical efficiency of a breeding program is quantified by the breeder's 

equation (Lush, 1937; eq. 1), which defines the expected response to selection: 

𝑅 = ℎ2𝑆 

Equation 1, where: 

𝑅 is the response to selection; 

ℎ2 is the narrow-sense heritability; 

𝑆 is the selection differential. 

And derives the equation for genetic gain per time (eq. 2): 
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∆𝐺 =
𝑖 ∙ 𝑟 ∙ 𝜎𝐴

𝐿  

Equation 2, where: 

𝑖 is the selection intensity; 

𝑟 is the selection accuracy; 

𝜎𝐴 is the genetic variance; 

𝐿 is the generation interval. 

These equations provide an essential framework for breeders, helping them optimize 
strategic decisions and identify multiple pathways to maximize genetic progress while 

efficiently managing operational costs and resource allocation (Vieira et al., 2025; Wartha 

& Lorenz, 2021).  

GS can boost genetic gain by reducing the generation interval through early DNA-based 

evaluation, increasing selection intensity by discarding inferior seedlings before orchard 

planting, and improving selection accuracy using genome-wide markers, and optimizing 

the use of genetic variance through informed selection and mating decisions. 

1.3.2 Assessment frameworks of Genomic Selection 

Current frameworks for assessing GS implementation fall into three non-mutually 

exclusive primary categories: 1) analytical frameworks comparing GS to conventional 

selection approaches purely based on genetic values or other selection outcomes (Heffner 

et al., 2010), 2) economic efficiency comparison models evaluating breeding schemes 

under certain investment conditions (Fugeray-Scarbel et al., 2022), and 3) constraint 

optimization frameworks combining selection theory with numerical optimization 

(Riedelsheimer & Melchinger, 2013). These frameworks can share common effectiveness 

measures, including genetic gain per unit of time and/or cost, return on investment, or 
increase in selection accuracy, but differ in their implementation perspective.  

Among the simplest comparative approaches, analytical frameworks directly evaluate the 

expected advantages of GS over conventional breeding methods, mainly by quantifying 

genetic gain using deterministic or stochastic models. Both of them are based on 

quantitative genetics equations, including the breeder’s equation (eq. 1). 
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1.3.2.1 Deterministic models 

Deterministic models incorporate population parameters, such as heritability, 

selection intensity, accuracy, genetic variance, and generation interval, directly into 

classical forms of the breeder’s equation, allowing calculation of expected genetic gain 

without simulating individual samples. Heffner et al. (2010) used this general framework 

to compare expected gain per cycle, per year, and per unit cost under conventional and 

genomic breeding scenarios. 

However, applying this mathematical framework requires fundamental hypotheses and 

assumptions about the characteristics and genetic architecture of both the training and 

target populations. Specifically, estimating the prediction accuracy parameter in the 

equation requires explicit assumptions about the training population (TP) size, phenotypic 

quality, and degree of genetic relatedness to the target selection candidates (Ben-Sadoun 

et al., 2021; Wartha & Lorenz, 2021). There are also limitations for representing finite-

population sampling error, Mendelian segregation, multistage selection decisions, or 

inbreeding accumulation without added approximations (Hassanpour et al., 2023).  

Despite the possible limitations of these assumptions, deterministic frameworks provide 
significant advantages in terms of simplicity, interpretability, and, mainly, computation 

costs. Because each numerical compilation requires minimal processing time, breeders 

can rapidly and efficiently compare a vast array of breeding scenarios (Fugeray-Scarbel 

et al., 2022). 

1.3.2.2 Stochastic models 

To overcome the limitations of deterministic models, simulation-based approaches 

have become the standard for building stochastic genetic models. Instead of inputting the 

population parameters directly into the breeder’s equation-derived formulas, they simulate 

individual genotypes and phenotypes, Mendelian segregation, recombination, 

environmental variation, genomic prediction, selection, and mating over successive 

breeding cycles (R. C. Gaynor et al., 2021).  

True breeding values (TBV) are commonly generated as the sum of simulated QTL effects 

(eq. 3), phenotypes are obtained by adding environmental deviations, and GEBVs are 

calculated using models such as RR-BLUP or GBLUP. Realized genetic gain is 

subsequently measured as the change in the mean TBV (eq. 4a) or mean genetic value 
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(eq. 4b) of the simulated population and is averaged across multiple simulation replicates 

(R. C. Gaynor et al., 2021; Liu et al., 2019; Lorenz, 2013). 

𝑇𝐵𝑉𝑘 = ∑ 𝑥𝑘𝑗𝑎𝑗

𝑚

𝑗=1
 

Equation 3, where 𝑥𝑘𝑗 is the genotype or allele dosage of individual 𝑘 at QTL 𝑗, and 𝑎𝑗 is 

the simulated additive effect of that QTL (Lorenz, 2013). 

(a) 
∆𝐺 =

𝑇𝐵𝑉𝑡 − 𝑇𝐵𝑉0
𝑇𝑡

 

(b) 
∆𝐺 =

𝐺𝑉𝑡 − 𝐺𝑉0
𝑇𝑡

 

 

Equation 4, where 𝑇𝐵𝑉𝑡 and 𝐺𝑉𝑡 are the mean true breeding value and genetic value at 

cycle 𝑡, and 𝑇𝑡 is the total elapsed time from the baseline population to cycle 𝑡. 

Simulation frameworks also allow for the splitting and management of biological effects. 

AlphaSim operates within the Additive, Dominance, Epistatic, and GxE (ADEG) 

framework, in which each trait is assigned to an additive effect and, optionally to one or 

more other effects. Then, the more complex trait includes all the effects and allows the 

calculation of the total genetic value (eq. 5). 

𝐺𝑉𝑘(𝑥𝑘, 𝑤) = 𝜇 + ∑ 𝑎𝑗𝑥𝑘𝑗
𝐴 + ∑ 𝑑𝑗𝑥𝑘𝑗

𝐷 + ∑ 𝑒𝑗𝑙𝑥𝑘𝑗
𝐴 𝑥𝑘𝑙

𝐴 + 𝑤 (𝜇𝐺 + ∑ 𝑔𝑗𝑥𝑘𝑗
𝐴

𝑚

𝑗=1

)
(𝑗,𝑙)𝜖𝜌

𝑚

𝑗=1

𝑚

𝑗=1

 

Equation 5, expansion derived from the genetic value definition and effects equations (C. 

Gaynor, 2025), including allele dosage (Lorenz, 2013), where: 

𝐺𝑉𝑘(𝑥𝑘, 𝑤)is the genetic value of individual 𝑘 in environment 𝑤; 

𝜇 is the intercept used to obtain the specified founder-population trait mean; 

𝑚 is the number of QTL; 

𝑎𝑗 is the additive effect at QTL 𝑗; 

𝑑𝑗 is the dominance effect at QTL 𝑗; 

𝑒𝑗𝑙 is the additive-by-additive epistatic effect between paired QTL 𝑗 and 𝑙; 

𝑔𝑗 is the genotype-by-environment effect at QTL 𝑗; 
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𝜇𝐺 is the intercept for the genotype-specific environmental slope; 

𝑤 is the environmental covariate; 

 𝑃 is the set of QTL pairs used to model epistasis; 

𝑥𝑘𝑗
𝐴   and  𝑥𝑘𝑗

𝐷  are the scaled additive and dominance genotype dosages. 

Gaynor et al. (2017) employed stochastic simulations of entire breeding programs over 

multiple cycles, using AlphaSim and R software to model the behavior of complex traits 

with additive, dominance, GxE, and epistasis effects (Gaynor et al., 2017). Similarly, 

Peixoto et al. used coalescent theory to simulate hybrid crop breeding programs under 
varying conditions of GxE interactions and trait heritability (Peixoto et al., 2024). These 

comparative simulations showed potential for its use in economic analysis, reporting ~2.47 

times more genetic gain with GS than conventional programs and a return-on-investment 

ratio approximately 5.67 times that of the baseline scenarios (Gorjanc et al., 2017). 

However, comparing schemes with varying levels of financial resources can lead to 

misleading conclusions about their relative efficiency in real programs. Therefore, 

Fugeray-Scarbel et al. (2022) established a comprehensive microeconomic framework to 

objectively assess the economic efficiency of alternative breeding strategies by comparing 

the genetic gain achieved under equivalent total investments (Fugeray-Scarbel et al., 
2022). 

The framework requires that any additional costs of adopting new technologies, such as 

high-throughput genotyping, be fully offset by reducing other operational expenses, such 

as the number of candidates requiring costly phenotyping. This approach models breeding 

as an optimization problem, in which decision variables are dynamically adjusted to 

maximize genetic gain while accounting for the unit costs of all essential breeding 

operations (Fugeray-Scarbel et al., 2022). 

The first step is to describe the breeding schemes being compared by simplifying the 

current baseline program, identifying basic operations, detailing alternative schemes, and 

formulating total cost equations. The second step involves evaluating unit costs for each 
operation by considering expenses such as staff, consumables, rentals, services, and 

equipment depreciation, and then compiling the final unit costs. The third step is to define 

the scheme dimensions for objective economic assessment, including strategies, 

constraints, and progeny numbers. The final step models the schemes for assessing 
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efficiency, developing genetic models and simulation pipelines to evaluate genetic gain, 

and providing practical implementation feedback (fig. 3; Fugeray-Scarbel et al., 2022). 

AlphaSimR, the R library implementation of AlphaSim, provides a flexible environment for 

modeling complex selection designs (Gaynor et al., 2021). This makes AlphaSimR an 

accessible tool for implementing stochastic simulations for the final step of the 

microeconomic framework proposed by Fugeray-Scarbel et al. (2022). 

Despite the utility of these operational and economic assessments, this type of analysis in 
perennial crops is not yet documented in the literature. The closest published example 

applying simulation-based evaluations of different GS breeding strategies in a clonally 

propagated fruit crop was performed in strawberry (Werner et al., 2023). 

The R2D2 consortium, supported by the INRAE SELGEN metaprogram, also contributed 

to developing frameworks for GS in plant and animal breeding, proposing a unified model 

of key components for transitioning from traditional methods (R2D2 Consortium et al., 

2021). Their work showed that successful implementation depends on biological 

constraints, organization, economics, and resource optimization across species. The 

project also provided an interdisciplinary platform integrating genetics, economics, and 
breeding strategies, supporting optimization and simulation frameworks, and even 

supporting this project (R2D2 Consortium et al., 2021). 

1.3.3 Cost components in economic assessments 

Studies incorporated different levels of detail in their cost models, with genotyping 

and phenotyping costs as universal components. Phenotyping costs are highly variable 

according to the crop and evaluation method. Genotyping costs were specified most 

precisely. Gaynor et al. estimated genotyping at $20 per sample (R. C. Gaynor et al., 
2017), while Wartha & Lorenz reported $14 per sample (Wartha & Lorenz, 2021). Fugeray-

Scarbel et al. propose two genotyping cost scenarios: 10€ and 37€ .  

The cost of high-throughput genotyping is also strongly dependent on the chosen 

methodology. This is important because GS accuracy is also affected by the type of marker 

datasets (Seyum et al., 2022). Moreover, genome characteristics such as genome size 

and LD decay between markers should be considered when choosing the genotyping 

methodology. 
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Figure 3. Workflow of the economic assessment framework proposed by Fugeray-Scarbel et al. 
(figure from Fugeray-Scarbel et al., 2022). 

 

In peach, the genome size is relatively small, and LD decay is relatively slow, which allows 

models built on low-density SNP arrays such as the IPSC 9K SNP array V1 (Biscarini et 
al., 2017; Verde et al., 2012). For apple, given its larger genome size, high-density arrays 

could be required, and if WGS is needed to achieve adequate genome coverage, this can 

significantly increase GS costs. 

On the other hand, infrastructure and labor costs have received limited quantitative 

treatment. Calvert et al. included labor and operational costs in their calculations for 

maximum phenotyping and genotyping capacity (Calvert et al., 2020), while Wartha et al. 

(2021) noted the need for advanced scientific personnel and data management 

infrastructure (Wartha & Lorenz, 2021). 

1.3.4 Effectiveness measures 

The frameworks employed multiple metrics to quantify the value of GS 

implementation, with genetic gain per unit time and cost as the most common measure 

(see Eq. 3). Gaynor et al. (2017) evaluated the two-part breeding strategy by comparing it 
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with conventional and standard GS strategies (R. C. Gaynor et al., 2017). Similarly, 

Fugeray-Scarbel et al. (2022) assessed breeding strategies constrained by fixed economic 

budgets, and their comparisons were purely based on genetic gain (Fugeray-Scarbel et 

al., 2022). 

Breeding cycle time reductions provided an additional dimension for quantifying benefits. 

Heffner et al. (2010) concluded that GS accelerates genetic gain through its shorter 

breeding cycle (Heffner et al., 2010). Wartha & Lorenz (2021) even noted that reduced 
selection accuracy can be compensated for by a reduction in cycle time (Wartha & Lorenz, 

2021). 

1.3.5 Factors affecting cost-effectiveness 

Cost-effectiveness depends critically on the crop, breeding scheme, secondary associated 

costs, and trait architecture, thereby allowing the definition of specific conditions for 

maximizing genetic gain. The frameworks revealed that optimal implementation strategies 

are budget-dependent, with constrained programs requiring low-cost imputation 
approaches (Gorjanc et al., 2017), moderate budgets demanding careful trade-offs 

between TP size and prediction accuracy (Riedelsheimer & Melchinger, 2013), and 

programs with more resources benefiting from combined GS and high-throughput 

phenotyping (Peixoto et al., 2024). 

II. Objectives 

The primary goal of this thesis is to provide an objective assessment of the added 

value of GS in peach and apple breeding. Specifically, its efficiency is compared with 

conventional PS in terms of genetic gain under fixed budget and operational constraints. 

Moreover, this project aims to evaluate the optimal strategic placement of GS along the 

breeding pipeline. This involves systematically comparing GS and PS approaches at 

critical stages, including the choice of parental matings and the selection of hybrids during 

the greenhouse stage and the first observation stage.  

In addition, this thesis aims to explore broader biological aspects that could influence GS 

suitability by comparing apple and peach breeding programs. Comparing GS 
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implementations across species will help identify how species-specific biological 

constraints influence the efficiency and economic advantages of GS strategies. 

Ultimately, the analysis aims to provide breeders with objective insights into the economic 

trade-offs and operational constraints of integrating genomic prediction tools into the fruit 

breeding sector. 

III. Materials and methods 

 The approach couples a microeconomic framework and stochastic simulations to 

derive comparative metrics across selection schemes. Beginning with operational 

parameters and operational unit costs to design budget-equivalent selection schemes, the 

simulations use genetic data and trait and population parameters to model several cycles 

of selection and estimate genetic gain.   

The operational parameters are: number of stages, stage duration, number of crosses, 

growing periods, number of replicates per genotype, number of selected candidates per 

stage, stage of TP update, number and selection of new genotypes added to the TP, and 

parental pool renewal stage. The operational costs considered here are: crossing, 

greenhouse growing, plantation and field maintenance, phenotyping and genotyping. We 

did not account for the costs relating to scientific staff for running GS models and decision-
making. 

Breeders from NOVADI and CEP Innovation provided the baseline selection schemes, 

operational parameters, and costs for apple and peach, respectively. More details and 

modifications in these parameters and the selection scheme, to design alternative budget-

equivalent programs, were proposed and discussed together with the breeders and 

collaborators from INRAE IRHS and GAFL.  

The founder genotypes were built from SNP marker datasets and genetic maps. The 

simulated chromosomes and segregant sites were then defined from real haplotypes and 

genetic distances. The trait architecture defined here models only additive effects. The trait 

genetic mean and variance were arbitrary values for comparative reference only and do 
not represent a real trait.  

The population parameters correspond to the sizes of the progeny population, parental 

pool, and TP. Because the total number of seedlings that can be produced and evaluated 
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is constrained by the company’s operational capacity, family size was not set 

independently. Instead, it was calculated based on the number of crosses and the number 

of plants evaluated per cross. Parental pool sizes were determined by the number of 

founder genotypes available in each dataset. The TP size was also determined by the 

parental pool size and the number of new genotypes added each cycle to update the TP. 

Specific costs related to the parental pool and TP (e.g. maintenance) were not considered 

in the economic analysis.  

An experimental grid was designed to compare the genetic gain of the baseline PS scheme 

with six budget-equivalent alternative scenarios that combine GS, PS, and GPCP (Table 

2; page 37). Thus, GS was evaluated as an intervention that can be applied to parental 

and/or early hybrid selection.  

For hybrid selection, a selection index (PS+GS), which weights phenotypic values and 

GEBVs equally, was proposed as an alternative to GS-only selection. This hybrid strategy 

proposes a smaller phenotyping population and fewer years of observation (Table 2) to 

avoid lengthening the whole cycle. In this way, the additional genotyping costs were 

compensated with changes in candidate numbers, phenotyping effort, stage duration, and 
selection intensity.  

Given the biological characteristics of the crops analyzed, the simulated schemes explicitly 

represented the biological and operational structure of fruit-tree breeding programs, 

including a feasible number of crosses, family sizes, and juvenile periods. Moreover, the 

costs provided by the breeders also reflect different program economic dimensions.  

 

3.1 Economic framework 

The microeconomic framework proposed by Fugeray-Scarbel et al. (2022) for 

comparing genomic and conventional breeding schemes under equal total investment was 

the base analytic model (fig. 3). In this framework, the breeding program is treated as a 

process in which genetic gain is the output and breeding operations are the inputs. The 

relevant comparison is therefore the genetic gain achieved within a given budget, not the 

gain from adding genomic selection on top of an existing program. 
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For each scheme, the total cost was calculated as the sum of the number of operations 

multiplied by their unit costs: 

 

where xi is the number of times operation i is performed, and ci is the unit cost of operation 

i. 

Applying fixed financial parameters per operation allowed the dynamic adjustment of 

population sizes and selection intensities across scenarios. This ensured that phenotypic 

and GS schemes could be compared under equivalent investment. The analysis, 

therefore, distinguished true improvements in breeding efficiency from apparent gains 

caused by increased total spending. 

3.2 Simulation framework 

The stochastic simulation was conducted using the R package AlphaSimR v2.1.0 

(R. C. Gaynor et al., 2021). Within AlphaSimR, founder genomes were built from 

haplotypes and genetic maps. This ensured that the initial LD and allele frequency 

reflected real germplasm rather than entirely synthetic genomes.  

3.2.1 Genotypic data 

 Apple marker data were obtained from the FruitBreedomics REFPOP apple 

collection high-density SNP genotyping dataset (Denancé et al., 2021; Jung et al., 2020). 

This dataset comprises 1,447 accessions from European institutions, genotyped with a 

high-density Axiom® Apple480K array (Bianco et al., 2016). 133 founder cultivars were 

selected based on the pedigree inferred from the same dataset (Muranty et al., 2020), 

retaining diploid founder (no identified parents) and semi-founder accessions (only one 

identified parent). 

Binary SNP genotype data were parsed with PLINK v1.9.0-b.8 to recode an allele-count 

table. From the 320,761 SNP loci in the dataset, 24,136 markers were selected based on 

quality data (Howard et al., 2021; Muranty et al., 2020) and the sum of the allele dosage 

across accessions following the condition 0 < 𝐴𝑙𝑙𝑒𝑙𝑒 𝑐𝑜𝑢𝑛𝑡 < 2 ∗ 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑐𝑐𝑒𝑠𝑖𝑜𝑛𝑠, to 

filter out monomorphic markers, thereby excluding loci fixed for either homozygous 



 

 

28 

 

genotype. Fully heterozygous loci were not excluded by this criterion, as both alleles are 

present and such loci can still undergo Mendelian segregation in subsequent generations. 

A monotonic interpolation was used to infer the genetic positions (cM) of the selected SNP 

loci with only known physical positions (bp). This mapping step is required to assign 

markers as segregant sites for the simulation. Within each chromosome, markers with 

physical and genetic positions served as anchors and were first ordered by position. 

Genetic positions for the remaining loci were obtained via monotone cubic interpolation 
(Hyman method) between adjacent anchor markers, and positions outside the anchor 

range were clipped to the nearest boundary. 

For apple, 5,146 markers with positions in the GDDH13 v.1.1 reference genome (Daccord 

et al., 2017) and genetic positions from the integrated genetic linkage (iGL) map, matched 

and updated by Howard et al. (2021), were used as anchors for the interpolation. The 

genetic positions of the remaining 18,990 loci were interpolated and assigned as 

segregant sites in the genetic map of the founder genomes (fig. Suppl. 1a).  

The peach dataset consisted of a core collection of 192 accessions genotyped with the 

IRSC 16k Illumina SNP array (IRSC 16K SNP Array for Prunus Persica | GDR, n.d.). Wild 
and exotic accessions were removed, resulting in a filtered set of 168 peach varieties. The 

dataset contains 13,975 markers curated and imputed as described in Roth et al. (2022). 

After removing monomorphic loci, 13,683 markers were used as segregating sites. Marker 

genetic positions were inferred using 2,930 intersected loci between the consensus 

genetic linkage map assembled by Linge et al. (2018) and the core collection dataset with 

physical and genetic positions as anchors for the monotonic interpolation (fig. Suppl. 1b). 

3.2.2 Modeled trait 

A quantitative trait was simulated using 200 QTLs distributed proportionally across 

the genome according to the number of segregating sites per chromosome. SNP chips 

with 20K and 10K markers were simulated for apple and peach, respectively, and the 

marker positions were distributed proportionally in the same manner. Additive genetic 

variance and phenotypic mean values were set to 1 and 10, respectively. These values 

are only for reference and do not represent a real trait. 

Since only the additive effect was modeled, the concept of heritability discussed here can 

be understood in the narrow or broad sense equally. Several levels of heritability were 
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compared, including low ( ℎ2 = 0.1 ), intermediate ( ℎ2 = 0.3 ), and high ( ℎ2 = 0.5 ), to 

evaluate how GS outcome depends on trait architecture and trait evaluation accuracy.  

For each scenario, the residual variance was fixed before the simulations using the 

specified additive variance (VA=1) and target individual-plant narrow-sense heritability, 

setting the error variance: 𝑉𝐸 = 𝑉𝐴(1 − ℎ2)/ℎ2. The same residual variance was used 

across breeding stages. When a genotype was evaluated with more clones, replication 

increased the precision of its mean phenotype by reducing its residual variance. Thus, the 

heritability of entry means increased with replication. AlphaSimR subsequently calculated 

realized variance components from the simulated individuals at each stage. These realized 

values can differ from the target because selection, drift, and the small number of 

individuals in later stages change the observed additive variance. 

3.2.3 Initialization of the Parental Population 

An initialization phase, known as burn-in, was run prior to scenario comparisons. 

The burn-in is recommended to build a parental population with more realistic LD patterns, 

population structure, and inbreeding, and to stabilize allele frequencies and genetic 

variances. This avoids biased results influenced by founder effects and the initial artificial 

random behavior. For this, the base population was initially advanced through 10 

preliminary selection cycles, ensuring that the parent pool and TP represented more 

accurately an ongoing breeding program. 

The burn-in was implemented for both species as a simple PS scheme with three cohorts 

(seedlings, juveniles, and mature) to represent the three years of the juvenile period (fig 

4). The base population comprises 133 and 168 accessions for apple and peach, 

respectively. These base populations were used as first parental pools. In each cycle, 133 

and 168 random crosses were made for apple and peach, respectively, to maximize the 

number of parents involved in crosses without forcing a specific mating plan. Family size 

was set to 200 for both species. The resulting seedling cohorts contained 26,600 and 

33,600 genotypes for apple and peach, respectively.  

The generated offspring reach the mature cohort after 3 years and are then phenotyped 

to select the 27 and 34 best candidates for apple and peach, respectively, corresponding 

to 20% of the original parental pool size and ~1/1000 of the offspring. An intrafamily 

selection cap was set to 2 to avoid overrepresentation of families. Finally, 80% of the best 
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parents are kept in the parental pool, and the selected candidates are added. In this way, 

the parental pool size is preserved across the burn-in cycles. 

 

Figure 4. Burn-In scheme to initialize the parental pool, used as breeding stock, after base 
population creation with founder genomes. This simple selection scheme creates historical 
demography that represents a history of breeding rather than an artificial random initialization and 
leads initial transient effects to disappear from the parental pool. 

 

The number of burn-in cycles and selection intensity were set to the minimum needed to 

stabilize genetic variance and inbreeding without eroding genetic diversity or exhausting 

future genetic gain. The last parental pool was used as material for crosses in the 

compared selection scheme simulations.  

The same burn-in scheme and parameters were used for both species to reach fair 

comparative starting points and avoid influence of this phase in the comparison of final 

genetic gain results. This also implied using the same error variance for both species and 

heritability scenarios during the burn-in. Similarly, heritability in this phase was set to ℎ2 =

0.1 to avoid divergent starting points and was subsequently adjusted for the compared 

scenarios using the corresponding error variance. 

3.2.4 Initialization of the Training Population 

The parental pools from the final three burn-in cycles were combined to form the 

TP for genomic prediction. This yielded 399 apple and 504 peach genotype-phenotype 

records, corresponding to three parental pool cohorts of 133 and 168 individuals, 
respectively. Because parental pools were renewed across burn-in cycles by retaining 

80% of existing parents and introducing selected offspring to maintain pool size, some 

genotypes could contribute repeated phenotype records across cohorts. For genotypes 

retained across multiple cycles, the same phenotype value was used in each cohort rather 

than generating a new observation. Phenotypes used for TP construction were those 

20%              80% 
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generated during burn-in under the burn-in residual-variance setting with target h2=0.1. 

The costs of constructing, phenotyping, and genotyping this initial TP were not included in 

the economic comparison. 

 

3.2.5 Breeding schemes 

 One baseline PS scheme and six alternative genomic schemes were simulated for 

each species. The baseline schemes followed conventional breeding programs of NOVADI 

(fig. 5a) and CEP Innovation (fig. 5b) for apple and peach, respectively. The alternatives 

changed mating strategies, hybrid selection strategy, TP updating timing, or combinations 

of these components. Population sizes, stage durations, and costs were adjusted to 

compare schemes under similar budgets. 

For both species, the breeding schemes followed the same general sequence: parental 

crossing, seedling growth in the greenhouse and MAS, evaluation of unreplicated F1 

hybrids, replicated pre-selection trials, advanced clonal trials, and final variety release. 
Peach included two advanced clonal-selection levels, whereas apple included one. Each 

cross generated one full-sib family. Hybrid selection was subject to a stage-specific 

maximum number of selected individuals per family to limit the overrepresentation of 

individual crosses. 

The simulated MAS step did not target loci affecting the modeled quantitative trait. It was 

therefore represented as random selection of the seedling population before the first field 

stage. Consequently, the comparison among scenarios concerned selection for the 

simulated polygenic trait and did not evaluate the effectiveness of MAS itself. 

To better represent the entire breeding process, breeding cycles were modeled as 
overlapping pipelines. A new crossing cycle began as soon as the parental pool was 

renewed, while candidates from the preceding cycle continued through advanced clonal 

testing. Thus, the interval between crossing cycles was determined by the stage at which 

new parents were identified and was shorter than the time required for final variety release.  

3.2.5.1 Baseline phenotypic selection schemes 

 The apple baseline scheme began with 15 random crosses generated from the 

current breeding pool. The mating maximized the use of distinct parents and prohibited 
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self-crossing. Genotypes were reused in different crosses only when the breeding pool did 

not contain the 30 distinct parental genotypes required to assign two unique parents to 

each of the 15 crosses. This means that only in the first cycle, starting with the 133 parental 

pool, were the 15 crosses made with 30 distinct parents. In subsequent cycles, the parental 

pool is reduced to fewer than 30 genotypes obtained via selection, and parents have to be 

reused for obtaining the 15 crosses. 

The 15 crosses produced a target population of 10,000 seedlings, corresponding to 
approximately 667 offspring per full-sib family. After two years of greenhouse production, 

the simulated MAS step reduced this population to 3,000 hybrids. These hybrids were 

grafted and, after a 3-year growth period, entered the first field evaluation stage, with one 

clonal replicate per genotype. Each selection stage required 3 years of observation. 

During the first observation stage, the number of genotypes evaluated decreased across 

years because of both mortality and phenotypic selection. The breeding scheme planned 

initially for planting 3,000 hybrids, of which approximately 2,850 were phenotyped in the 

first observation year after accounting for mortality. PS then reduced the population to 

1,950 candidates in the second year and 600 candidates in the third year, thereby 
progressively reducing the phenotyping load and associated costs. For simplicity, this 

sequential process was not explicitly reproduced in the simulation. Instead, a single 

phenotypic value was simulated for each genotype, and phenotyping and selection were 

applied once at the end of the hybrid stage rather than over three successive observation 

years. Under PS, 20 genotypes were retained as pre-selections at the end of this stage. 

The 20 selected hybrids were immediately used as a parental pool for the next simulated 

crossing cycle. Consequently, the next apple PS cycle began after completion of the first 

hybrid evaluation stage, nine years after the beginning of the preceding cycle, while the 

same candidates continued through the later stages of clonal testing. As mentioned above, 

because the new parental pool contained 20 genotypes, some parents could contribute to 
more than one cross in subsequent cycles. 

The 20 pre-selections were clonally propagated and evaluated with two replicates per 

genotype during a six-year pre-selection stage, resulting in an evaluation field size of 40 

trees while retaining 20 unique genotypes. Phenotypic selection at this stage was again 

subject to a family cap of one per family, retaining two advanced selections. These two 

candidates were subsequently evaluated with ten replicates per genotype during a further 

six-year advanced-selection stage. The best individual was retained as the final variety. 
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The complete apple baseline pipeline thus required approximately 22 years from crossing 

to final variety release. 

The peach baseline scheme began with 20 random crosses generated using the same 

mating rules: self-crosses were prohibited and distinct parental genotypes were used 

whenever possible. 

The crosses produced 4,000 seedlings, corresponding to 200 offspring per full-sib family. 

Following one year of greenhouse production, the simulated MAS step (random selection) 
retained 1,500 hybrids. These hybrids were planted with one replicate per genotype and 

entered the first phenotypic evaluation stage after two years of field growth. In this case, 

the budget considers the same population size for the three years of observation. This is 

one main difference from the baseline apple scheme. At the end of this stage, phenotypic 

selection retained 50 pre-selections. 

The 50 pre-selections were clonally propagated and evaluated with two replicates per 

genotype during the pre-selection stage. Phenotypic selection retained eight level-1 

selections. The peach parental pool was renewed at this point, one selection stage later 

than in apple. It consisted of the eight selected candidates and 32 additional non-selected 
pre-selection candidates, giving a total of 40 parents and allowing 20 crosses to be 

generated without necessarily reusing parents. These additional candidates were intended 

to be the highest-ranking remaining individuals from the pre-selection stage. 

The next peach crossing cycle therefore began 12 years after the start of the preceding 

cycle, while the advanced trials continued. The eight level-1 selections were evaluated 

with three replicates per genotype per site during a five-year advanced trial, from which 

two level-2 selections were retained. These two genotypes were evaluated for another five 

years, also with three replicates per genotype per site, and the best candidate was 

released as the final variety. The complete peach baseline pipeline required approximately 

23 years from crossing to variety release. 

The main structural difference between the baseline programs was therefore not only the 

number of candidates and replicates, but also the timing of parental renewal. The apple 

program reused the 20 candidates selected after the first hybrid stage as parents, whereas 

peach renewed its parental pool after the replicated pre-selection stage using 40 

genotypes. The peach program also included an additional advanced-selection level 

before variety release (see fig. 5). 
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3.2.5.2 Alternative Genomic Selection schemes 

Six alternatives to the baseline PS scheme were evaluated, ordered by complexity: 

1. GS+TPP 

2. PS+GS+TPH 

3. GPCP+GS+TPP 

4. GPCP+OCS+GS+TPP 

5. GPCP+PS+GS+TPH 
6. GPCP+OCS+PS+GS+TPH 

Here, TPP denotes a TP updated with individuals reaching the pre-selection stage, 

whereas TPH denotes a TP updated earlier with the larger set of hybrids evaluated at the 

first observation stage. GPCP defined the parental mating plan before crossing, and OCS 

restricted parental contributions to control co-ancestry. Beyond these modifications, the 

subsequent advanced testing stages followed the corresponding crop-specific pipelines. 

In the GS+TPP scheme, random mating was retained, but PS at the first hybrid selection 

decision was replaced by selection on GEBVs. Phenotypes simulated at this stage were 

not used to rank candidates, although they were retained to evaluate prediction accuracy. 

For apple, the GS-only scheme increased the crossing stage from 15 to 17 crosses and 

the seedling population from 10,000 to 11,333 seedlings, thereby compensating partly for 

the cost of genotyping through changes in population size and later field expenses (Table 

2). After MAS, 3,000 hybrids were genotyped and ranked by GEBV. A family-constrained 

GS retained 20 pre-selections, which immediately replaced the parental pool for the next 

crossing cycle, although a growth period is still required to perform the next crossing 

phase. These candidates were then phenotyped in the pre-selection trial, and all 20 

genotyped and phenotyped pre-selections were appended to the TP for the following cycle. 

The next apple GS cycle could begin approximately four years after the previous crossing, 

and final variety release occurred after approximately 17 years (fig. 5a). 

For peach, the GS scheme retained 20 crosses, 4,000 seedlings, and 1,500 genotyped 

hybrids. GEBV-based selection at the hybrid stage retained 50 pre-selections. As in the 

peach baseline, these 50 candidates were phenotyped during the replicated pre-selection 

stage before the parental pool was renewed. The next parental pool consisted of eight 

selected level-1 candidates and 32 additional candidates from the same pre-selection 
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cohort. All 50 pre-selections were appended to the TP because they had both marker and 

phenotypic records. The early parent renewal reduced the peach cycle interval to 

approximately eight years, and final variety release occurred after approximately 19 years 

(fig. 5b). 

In the PS+GS+TPH scheme, genomic information complemented rather than replaced 

early phenotypic evaluation. Candidates were ranked using an index based on the sum of 

their descending phenotypic and GEBV ranks. 

• For apple, the economic design retained 15 crosses and 10,000 seedlings. A total 

of 3,000 hybrids were budgeted for genotyping, after which 1,050 candidates 

entered the reduced field evaluation cohort. These hybrids were evaluated for two 

years rather than the three years used in the baseline PS scheme. The 20 highest-

ranking candidates according to the combined PS+GS index became both the pre-

selections and the parental pool for the next cycle. All hybrids in the combined 

genotyped and phenotyped cohort were appended to the TP, corresponding to a 

TP increment of 1,050 records per cycle. The advanced stages remained 

unchanged, and final variety release still occurred after approximately 22 years. 

• For peach, 1,500 hybrids were genotyped, of which 1,000 entered the reduced field 

evaluation cohort. The annual phenotyping loads subsequently decreased to 900 

and 500 candidates in the next two years. This decrease was proposed to balance 

the budget compensating genotyping costs. The combined index was then used to 

identify the 50 pre-selections. As in the other peach schemes, the parental pool 

was renewed after the replicated pre-selection stage using eight selected 

candidates and 32 additional candidates. The hybrid training population (TPH) was 

updated at the end of each cycle with the 500 genotyped candidates that 

completed the final reduced field evaluation. Thus, 500 new genotype-phenotype 
records were added per cycle. 

 

In the GPCP schemes, the algorithm uses the marker effects estimated from the TP to 

calculate the expected performance of the progeny of the mating combinations. The 

downstream hybrid selection and TP-update rules were otherwise identical to either 

GS+TPP or PS+GS+TPH. The corresponding OCS variants retained the same candidate 

numbers, stage durations, parental-renewal points, and TP-update rules, but constrained 

parental contributions during cross planning. 
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For peach, the GPCP used the TP available in the same cycle for both cross prediction 

and early hybrid GS. The subsequent parental pool contained eight selected pre-

selections plus 32 candidates, and the TP was enlarged by all 50 pre-selections. For apple, 

GPCP selected the mating plan before producing the enlarged population of 11,333 

seedlings, after which 3,000 hybrids were genotyped and 20 were retained by GEBV. 

These 20 candidates formed the next parental pool and were added to the TP after 

replicated phenotyping. GPCP and OCS scenarios inherited the operational costs of the 

corresponding GS+TPP or PS+GS+TPH pipeline because the computational and 

personnel costs associated with cross optimization were not considered. 

In the apple scenarios, different training populations were used for GPCP under the TPP 

and TPH because phenotypic information became available at different stages of the 

breeding cycle. Under TPP, updating the TP for GPCP required phenotypic information 

from the smaller set of pre-selected genotypes, which became available relatively late in 

the cycle, after crosses for the next generation had already been planned. Therefore, 

GPCP relied on the TP available from the previous cycle. In contrast, GPCP under the TPH 

could use a TP updated earlier with phenotypic information from the larger hybrid 
population, allowing more recent information to be incorporated at the time of selection 

(TPH; Fig. 5a). 

3.2.6 Genomic Prediction models and cross planning 
algorithms 

A ridge regression best linear unbiased prediction (rrBLUP) model was used to 

calculate genomic estimated breeding values (GEBVs) at the first selection stages. The 

C++ code developed by Werner et al. (2023, 

https://github.com/crWerner/ClonalBreedingSim) was used to implement GPCP and OCS 

at the crossing stages. For OCS, a target angle of 45° was used to balance the competing 

objectives of maximizing short-term genetic gain and minimizing parental coancestry. In 

this optimization framework, a target angle of 0° places full emphasis on genetic gain, 

whereas 90° places full emphasis on minimizing coancestry; intermediate values define 

different trade-offs between these objectives. Thus, 45° was selected as a conservative 

intermediate setting intended to balance genetic improvement with the maintenance of 
genetic diversity (Cowling et al., 2023; Kinghorn, 2011; Villiers et al., 2024). 

https://github.com/crWerner/ClonalBreedingSim
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3.2.7 Workflow management  

An automated workflow was implemented through Snakemake v9.16.3 (Mölder et 

al., 2021). Input values, such as operational and trait parameters, are defined in a YAML 

configuration file. Selection schemes are defined through a JSON file where stages are 
declared as blocks with key settings, stage operations (such as crossing or selection), and 

dependencies (i.e., order of operations and stages). Snakemake compiles the input values 

and selection schemes and builds a Directed Acyclic Graph (DAG) which guides the code 

execution.  

Moreover, the Snakemake workflow expands parameters and selection schemes into 

experimental grids, and assigns a unique scenario ID for each combination of parameters 

and selection schemes. It also manages replicates and parallel processes. This allows for 

reproducible and efficient tracking of code execution, parameters, and input and output 

files. 

The workflow was designed to run under the SLURM workload manager through the HPC 
service of the Bioinfo Genotoul cluster (GenoToul Bioinfo, 2018). The execution 

environment was pinned through an Apptainer container to ensure stable software 

versions and portability.   

A Shiny v1.13.0 user interface (fig. suppl. 4) developed for this project was used for 

workflow configuration and execution. It allows defining founder genome inputs, trait 

architecture, breeding scheme parameters, operational costs, and scenario variants. The 

Shiny server generates session-specific working directories, writes structured 

configuration files (YAML and JSON files), previews workflow execution with the DAG, and 

submits Snakemake jobs through SLURM.  

The standalone version of the code is also available in the repository. These scripts 

replicate the same workflow but hardcode parameters, scenarios, and execution paths for 

each experiment. This makes them less flexible than the Shiny App but more 

straightforward for producing final results, as each analysis can be run directly without 

interactive inputs. The code repository is available upon request.
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b) 

 
Figure 5. Schematic representation of the conventional PS and alternative GS pathways simulated for the apple (a) and peach (b) breeding program. 

Diagram showing progression of successive cohorts through breeding stages. Filled circles represent the simulated cohorts while open circles represent possible 
concurrence of cohorts during the same years in real programs. Arrows show the movement of selected individuals between stages and the reuse of selected 

candidates as parents. The filled stars represent the alternative GS pathway, highlighting the shortened breeding cycle. Red arrows indicate parental-pool 
renewal, yellow diamonds indicate training-population updates, and repeated timelines at the bottom illustrate the temporal overlap among consecutive breeding 

cohorts and the shorter cycle interval enabled by the genomic alternative. TP update occurs only after selected genotypes have both genomic and phenotypic 
information, which differs between TPh and TPp. 
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One hundred replicates were run for each scenario. The results were aggregated to calculate 

the statistics, including mean genetic gain, mean genetic variance, mean inbreeding 

coefficient (F), IBD segment share, LD (r2), and number of realized segregating sites. IBD 

segment share, LD and realized segregating sites were reported only for the parental pool 

during the burn-in to monitor the initialization of the parental pool (fig. supl. 2 and 3). 

IV. Results 

Genetic gain was simulated for each crop over three breeding cycles. It differed substantially 

among selection strategies, heritability levels, and species. Nevertheless, some consistent 
patterns emerged. In both apple and peach, the strategy combining parental mating selection 

with GPCP, PS, GS, and TP updating with larger hybrid populations (GPCP+PS+GS+TPH) 

produced the highest genetic gain at all three heritability levels (fig. 6).  

Regarding genetic diversity trends over time, parental pool genetic variance (σ²G) followed an 

expected pattern during the burn-in, with an initial increase, possible instability, and then a 

decrease and the beginning of stabilization. Then, it began to decline at different rates once 

selection scenarios started. GPCP schemes, particularly GPCP+GS+TPP and 

GPCP+PS+GS+TPH, showed the fastest decline in variance, while PS retained the most 

residual genetic variance by the end of the simulated cycles. This pattern was mirrored in the 

inbreeding coefficient (F) of the parental pool, with PS and the GS+TPP and PS+GS+TPH 

schemes accumulating inbreeding more gradually (fig. 6).  

4.1 Genetic gain in apple 

 In apple, genetic gain increased with heritability under most strategies. The 

GPCP+PS+GS+TPH strategy produced gains of 5.02, 5.50, and 5.74 under low, intermediate, 

and high heritability, respectively. It was therefore the highest-ranking strategy across the full 

heritability range. 

The advantage of GS strategies over PS decreased as heritability increased. At low heritability, 

GPCP+PS+GS+TPH gained 5.02, vs. 3.63 for PS, a 38% improvement. At intermediate 

heritability, gains were 5.50 vs. 4.87, a 13% improvement. At high heritability, PS reached 5.37, 

close to the 5.74 of the best strategy, reducing the advantage to 7% (Table 3a). 
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Strategies using GS as the only method of hybrid selection performed poorly in apple. GS+TPP 

produced gains of only 3.04-3.35 and ranked last at every heritability level. Similarly, 

GPCP+GS+TPP produced lower gains than the strategies that retained phenotypic 

information. Thus, neither the genomic selection of crosses nor the associated modifications 

to the breeding scheme, including changes in the number of crosses and the allocation of 

candidates, were sufficient to compensate for the loss of phenotypic information during 

subsequent candidate selection. 

PS+GS+TPH strategy also failed to outperform conventional PS. Its genetic gain ranged from 

3.50 to 4.44, whereas PS ranged from 3.63 to 5.37, indicating that simply combining 

phenotypic values and GEBVs during hybrid selection was insufficient.  

GS prediction accuracy, measured as the correlation between GEBVs and genetic values 

(GVs) and between GEBVs and phenotypic values at the hybrid selection stage, showed 

differences among strategies as breeding cycles progressed. All strategies started from the 

same initial TP of 399 records and therefore had comparable prediction accuracy at the 

beginning of the simulation. Differences emerged after TP updating began. Strategies using 

TPH generally maintained the highest prediction accuracy across subsequent cycles, with 
1,050 hybrid records added to the TP per cycle, compared with 20 pre-selection records per 

cycle under TPP. 

4.2 Genetic gain in peach 

In peach, GPCP+PS+GS+TPH achieved the highest genetic gain at the end of the three 

breeding cycles across all heritability levels, reaching 4.16, 4.70, and 4.98. However, when 
strategies were compared at the same time point, GPCP+GS+TPP generally showed the 

highest genetic gain, highlighting its stronger short-term response. More broadly, and unlike 

in apple, strategies relying on GS alone or in combination with GPCP maintained a substantial 

advantage over PS across the full range of heritability levels (Table 3b). 

At low heritability, the best strategy produced approximately 61% more genetic gain than PS, 

with gains of 4.16 and 2.59, respectively. Its advantage remained approximately 40% at 

intermediate heritability and 29% at high heritability. Although the relative benefit decreased 

as phenotypic accuracy increased, conventional PS did not approach the top-performing 

genomic strategies as closely as it did in apple (fig. 6). 
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GPCP strategies that used GS-only also performed better in peach. Under low heritability, 

GPCP+GS+TPP produced a gain of 4.13, which was nearly identical to the value of 4.16 

obtained by GPCP+PS+GS+TPH, with the advantage of shortening the breeding process by 

12 years if we consider 3 cycles (Table 3, Fig. 6).  

As heritability increased, the strategy retaining both genomic and phenotypic hybrid 

information became clearly superior. At high heritability, GPCP+PS+GS+TPH produced a gain 

of 4.98, compared with 4.55 for GPCP+GS+TPP.  

The strategy PS+GS+TPH produced relatively low gains in peach and did not consistently 

outperform PS. As in apple, this shows that combining GEBVs and phenotypic values during 

hybrid selection was not sufficient by itself. Genomic information generated its greatest benefit 

when it was also used to optimize parental combinations. 

Parental pool variance declined after cycle 0 in the same pattern as apple but starting from a 

lower burn-in plateau, consistent with the smaller effective genome size. GS prediction 

accuracy was generally higher than in apple.  

4.3 Effect of heritability on genetic gain 

Overall, higher heritability increased genetic gain, with the effect being especially 

pronounced for conventional PS. In apple, genetic gain under PS increased from 3.63 at low 

heritability to 5.37 at high heritability, corresponding to an increase of approximately 48%. In 

peach, it increased from 2.59 to 3.87, an increase of approximately 49% (fig. 6). 

In contrast, integrated PS+GS strategies were less sensitive to changes in heritability. For 

GPCP+PS+GS+TPH, genetic gain increased by approximately 14% in apple and 20% in peach 
between the lowest and highest heritability levels. Consequently, the advantage of GS-based 

over PS-based strategies was greatest at low heritability and became smaller as heritability 

increased, although the magnitude of this reduction differed between apple and peach.  

4.4 Effect of Optimal Contribution Selection and 
genetic diversity 

Adding OCS generally reduced short-term genetic gain relative to the corresponding 

GPCP strategy without OCS. For the highest-performing integrated strategy, the reduction 

associated with OCS ranged from approximately 3% to 6% in apple (fig. 6a) and from 
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approximately 4% to 7% in peach (fig. 6b). This reduction reflects the trade-off between 

maximizing short-term genetic gain and preserving genetic diversity over successive breeding 

cycles. 

Substantial differences among strategies were also observed for the maintenance of genetic 

variance. In apple, parental-pool genetic variance decreased from approximately 1.4 at the 

beginning of the evaluated breeding cycles to values ranging from about 0.2–0.7 by the end 

of the simulation, depending on the strategy and heritability scenario (fig. 6a). In peach, the 
corresponding final values ranged approximately from 0.2 to 0.6 (fig. 6b). Importantly, genetic 

variance preservation was not exclusively associated with the use of OCS. In apple, GS+TPP 

and PS+GS+TPH were among the strategies showing comparatively favorable maintenance 

of genetic variance. 

Differences among strategies were similarly evident for inbreeding. In apple, final parental-

pool inbreeding ranged approximately from 0.10 to 0.38, depending on the strategy and 

heritability level, whereas in peach the difference between the least and most inbred strategies 

was approximately 0.3 by the end of the simulation.  

4.5 The added value of genomics-assisted crosses 

The strong performance of the GPCP schemes supports the strategic use of genomic 

information before crosses are made. Conventional parental selection ranks individual 

parents, whereas GPCP evaluates the expected performance of their progeny and can 

therefore exploit complementarity between parents. The results indicate that this use of 

genomic information at the mating stage provided a substantial additional gain, particularly 
when combined with subsequent genomic and phenotypic selection. 

In apple, adding GPCP to the PS+GS+TPH strategy increased genetic gain from 3.50 to 5.02 

at h2=0.1, from 4.33 to 5.50 at h2=0.3, and from 4.44 to 5.74 at h2=0.5, with relative increases 

of about 43%, 27%, and 29%. Similarly, in peach, GPCP raised gain from 2.85 to 4.16, from 

3.41 to 4.70, and from 3.69 to 4.98 at the same heritability levels, with increases around 46%, 

38%, and 35%. Overall, optimizing parental combinations before progeny production in the 

PS+GS strategy yields substantially more gain than applying genomic and phenotypic 

selection after crosses. The same pattern was observed when GPCP was combined with GS 

without the PS component. 
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h2=0.1 h2=0.3 h2=0.5 h2=0.1 h2=0.3 h2=0.3 h2=0.5 
a) 



 

 

47 

 

 

b) 



 

 

48 

 

Figure 6. Genetic values, inbreeding coefficients, and selection accuracy of apple (a) and peach (b) 
alternative GS strategies compared to the PS baseline selection scheme across three levels of 

heritability. 

Table 3. Apple (a) and peach (b) genetic gain results under different selection and 
mating scheme alternatives and low, medium, or high heritability. 

a) 

ℎ2 = 0.1 ℎ2 = 0.3 ℎ2 = 0.5 
Selection ΔG Selection ΔG Selection ΔG 

GPCP+PS+GS+TPH 5.0
2 GPCP+PS+GS+TPH 5.50 GPCP+PS+GS+TPH 5.74 

GPCP+OCS+PS+GS+TPH 4.7
0 GPCP+OCS+PS+GS+TPH 5.28 GPCP+OCS+PS+GS+TPH 5.54 

GPCP+GS+TPP   3.7
9 PS 4.87 PS 5.37 

GPCP+OCS+GS+TPP 3.7
0 PS+GS+TPH 4.33 PS+GS+TPH 4.44 

PS 3.6
3 GPCP+OCS+GS+TPP 3.86 GPCP+GS+TPP 3.99 

PS+GS+TPH 3.5
0 GPCP+GS+TPP 3.80 GPCP+OCS+GS+TPP 3.88 

GS+TPP 3.0
4 GS+TPP 3.31 GS+TPP 3.35 

b) 

ℎ2 = 0.1 ℎ2 = 0.3 ℎ2 = 0.5 
Selection ΔG Selection ΔG Selection ΔG 

GPCP+PS+GS+TPH 4.1
6 GPCP+PS+GS+TPH 4.70 GPCP+PS+GS+TPH 4.98 

GPCP+GS+TPP   4.1
3 GPCP+OCS+PS+GS+TPH 4.52 GPCP+OCS+PS+GS+TPH 4.74 

GPCP+OCS+GS+TPP 4.0
1 GPCP+GS+TPP   4.38 GPCP+GS+TPP   4.55 

GPCP+OCS+PS+GS+TPH 3.8
6 GPCP+OCS+GS+TPP 4.30 GPCP+OCS+GS+TPP 4.48 

GS+TPP 3.1
9 PS+GS+TPH 3.41 PS 3.87 

PS+GS+TPH 2.8
5 GS+TPP 3.38 PS+GS+TPH 3.69 

PS 2.5
9 PS 3.36 GS+TPP 3.57 

The value of GPCP was clear when comparing genomic strategies with phenotypic selection. 

In peach, GPCP+GS+TPP, even without an extra PS step, outperformed PS at every 

heritability level: 4.13 vs 2.59 at h2=0.1, 4.38 vs 3.36 at h2=0.3, and 4.55 vs 3.87 at h2=0.5, 
roughly 60%, 30%, and 18% more gain. In apple, GPCP+GS+TPP only slightly exceeded PS 

at low heritability (3.79 vs 3.63) and performed worse at h² = 0.3 and 0.5 (3.80 vs 4.87 and 

3.99 vs 5.37, respectively). This weaker performance in apple may partly reflect the time lag 
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in updating the training set, since genomic predictions relied on phenotypic information from 

the previous breeding cycle, a limitation specific to the apple scheme that was not present in 

peach. Thus, the lower performance of genomic mating alone in apple may result not only 

from the increasing efficiency of phenotypic selection at higher heritability, but also from 

reduced prediction relevance caused by delayed training-set updating. 

The greatest gains in both species came when GPCP was used as part of an integrated 

strategy, not just a replacement for later selection. GPCP+PS+GS+TPH ranked first across all 
heritability scenarios, with gains of 5.02-5.74 in apple and 4.16-4.98 in peach. Compared to 

baseline PS, its advantage was largest at low heritability: about 38% in apple (5.02 vs. 3.63) 

and 61% in peach (4.16 vs. 2.59). The advantage decreased as heritability increased, to about 

7% in apple and 29% in peach at h2=0.5.  

Overall, these results identify mating design as an important point of leverage for genomic 

information. Once the parental set has been chosen, conventional mating cannot recover 

favorable combinations that were never created. GPCP acts earlier by allocating crosses 

toward parental combinations expected to generate superior progeny, thereby improving the 

genetic distribution entering subsequent selection stages. 

V. Discussion 

This study aimed to assess the added value of genomic selection relative to 

conventional phenotypic selection under fixed budget and operational constraints, while 

identifying the stages of the breeding pipeline where genomic information can be used most 

effectively. By comparing alternative implementations in apple and peach, the analysis also 

sought to determine how species-specific biological features and trait heritability influence GS 

efficiency. 

These results suggest that, among the many strategies for adopting GS, choices should be 

driven by where and under which trait architecture it adds the most value. Across species and 

heritability levels, the combined strategy of genomic parental mating, phenotypic, and genomic 

hybrid selection (GPCP+PS+GS+TPH) consistently outperformed conventional PS and GS-
only. This indicates that genomic information was most effective when used at multiple 

decision points and complemented with phenotypic data. With similar budgets within species, 

the question is therefore not whether GS should replace PS, but where it offers enough 

accuracy or cycle-time benefits to justify its cost. 
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Simulation studies in clonally propagated crops have shown that cross-performance prediction 

can outperform selection based only on parental GEBVs, particularly when total genetic value 

and non-additive effects are relevant (Werner et al., 2023).  

In the present study, however, the simulated trait was purely additive. The advantage of GPCP 

must therefore have resulted primarily from directing crosses toward higher expected progeny 

means and allocating the available family sizes more effectively, rather than from exploiting 

dominance. This distinction matters because the current results show the advantages of a 
genomic mating design in apple and peach even under an additive model, while the additional 

value of modeling dominance remains to be tested for these crops. 

The comparison between GPCP+PS+GS+TPH and PS+GS+TPH indicates that applying GS 

to hybrid selection alone did not account for the main improvement in genetic gain. Both 

strategies combined genomic and phenotypic information during early candidate selection and 

used a larger hybrid-based TP update, but the strategy that also optimized parental crosses 

consistently ranked first. This suggests that, in these simulations, cross design contributed 

substantially to the overall response and was at least as important as candidate ranking. By 

increasing the expected value of the progeny before candidate selection, GPCP allowed 
genomic information to be used earlier in the breeding process rather than relying only on the 

subsequent ranking of hybrids. Importantly, this optimization did not add genotyping costs 

since parental candidates were already genotyped. 

Moreover, the weak performance of PS+GS+TPH alone should not be interpreted as evidence 

that combining phenotypic and genomic selection is inherently ineffective. In this study, 

candidates were ranked using the sum of their phenotypic and GEBV ranks, which assigned 

equal importance to both sources of information regardless of their respective accuracy. The 

combined strategy also differed from the other schemes in population size, duration, and 

resource allocation. Alternative selection indices could therefore produce different outcomes. 

For example, phenotypic and genomic information could be combined using weights 
proportional to their relative prediction accuracy or reliability, giving greater influence to the 

source of information that is more robust for a given trait and selection stage. 

5.1 Heritability determines the comparison 

The relative advantage of genomic strategies decreased as heritability increased. In 

apple, the advantage of the best scheme over PS declined from 38% to 7% between low and 

high heritability, while in peach, it declined from 61% to 29%. This pattern is expected because 
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improving heritability increases the accuracy of direct phenotypic information and therefore 

strengthens conventional selection. GS is most likely to add value when phenotypes are noisy, 

expensive, expressed late, or require multi-year and multi-environment evaluation (Heffner et 

al., 2010; Lorenz, 2013; Wartha and Lorenz, 2021), which is typically the case for many fruit 

breeding targets such as yield components (flower density, fruit size, etc.) and fruit quality. 

This implies that for highly heritable traits in apple breeding programs, the additional 

genotyping investment required by GS may not be justified on genetic gain alone. In peach, 
by contrast, GS-containing schemes retained a more consistent advantage across the 

heritability range tested, suggesting that peach breeders may see a more consistent return on 

GS investment regardless of trait architecture. 

5.2 Optimizing training population to sustain prediction 
accuracy 

Strategies updated with the larger hybrid cohort (TPH) tended to maintain higher 

genomic prediction accuracy across cycles than strategies updated only with pre-selections 

(TPP). This is consistent with the importance of TP size and representation of the target 

candidates. Genomic prediction partly captures genetic relationships between the TP and the 
selection candidates, and accuracy can decline as these populations become more genetically 

distant (Habier et al., 2007). 

Apple studies have similarly shown that prediction accuracy can vary strongly among target 

families and can improve when the TP is tailored to the candidates or combines 

complementary sources of elite and genetic-resource material (Muranty et al., 2015; Roth et 

al., 2020). 

The apparent advantage of TPH should nevertheless be interpreted as the effect of a complete 

update strategy rather than TP size alone. TPH differed from TPP in the number and type of 

records added, the stage at which they were collected, and the associated phenotyping 

scheme. The current design therefore cannot isolate whether accuracy was maintained 
because more records were added, because those records were more closely related to the 

next candidates, because they better captured intra-family variance, or because they 

represented a more diverse, less-selected sample. Under the heritability levels tested, the 

unreplicated design used to phenotype hybrids added to the TP in the TPH strategy did not 

penalize genomic prediction accuracy. This may reflect the benefit of allocating phenotyping 



 

 

52 

 

resources to a larger number of distinct genotypes rather than to repeated measurements of 

fewer genotypes, thereby increasing the representation of alleles and genetic combinations in 

the TP. 

5.3 Comparison between crops 

An original aspect of this thesis is the simulation and comparison of alternative 

genomic and phenotypic selection strategies in two perennial fruit crops with contrasting 

breeding systems. Simulation has previously been used to investigate the placement of GS 

within plant breeding pipelines, including alternative GS and genomic cross-prediction 

strategies in clonally propagated crops (Werner et al., 2023). However, the present study 

extends this approach by applying comparable selection concepts to crop-specific apple and 

peach breeding programs while explicitly accounting for their respective operational structures 

and costs. This cross-crop comparison provides an opportunity to assess not only whether GS 
can increase genetic gain, but also how its relative value changes when implemented within 

different perennial breeding contexts. 

The relative differences in performance of the strategies between apple and peach should be 

interpreted taking into consideration not only the genome biology but also the specifics of the 

breeding programs chosen for this study. The apple and peach programs differed in their 

operational structure, population sizes, selection intensities, replication, unit costs, marker 

datasets, and TP dynamics. All these factors can influence the relative accuracies and 

economic feasibility of GS. 

GS was more consistently advantageous in the simulated peach program, and prediction 
accuracies were generally higher than in apple. Biological differences provide plausible 

hypotheses for this contrast. Cultivated peach has comparatively high co-ancestry and 

extended shared haplotypes, which can strengthen relationship-based prediction within a 

breeding population, whereas apple germplasm contains broader diversity and more 

heterogeneous relationships (Laurens et al., 2018). 

Genomic prediction has also shown promising results in peach, although it has been explored 

much less extensively than in apple. Biscarini et al. (2017), for example, evaluated genome-

enabled prediction for fruit weight, sugar content, and titratable acidity in 11 peach progenies 

and obtained generally moderate to high predictive abilities, although predictions were 

evaluated within individual progenies rather than across independent families. More recently, 

multi-environment genomic prediction has been investigated for soluble solids content using 
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several thousand genome-wide markers (Hardner et al., 2022). In apple, genomic prediction 

has been studied more extensively across breeding populations and environments, with 

prediction accuracy shown to depend strongly on the target family, training-population 

composition, trait architecture, and environment (Muranty et al., 2015; Roth et al., 2020; Jung 

et al., 2022, reviewed in Muranty et al. 2023). 

These biological explanations should be considered hypotheses rather than conclusions 

because comparisons between species included non-biological differences in breeding-
program structure. Indeed, apple and peach breeding steps involved different population 

sizes, family sizes, selection pressures, stage durations, replication methods, parental-

renewal timing, marker datasets, and TP dynamics.  

The apple GPCP model also used a TP lagged by one breeding cycle, while the peach model 

used the TP from the current cycle. This timing difference might have diminished the 

usefulness of cross prediction for apple. Thus, the results support understanding the relative 

ranking of schemes within each crop-specific program but do not completely test whether 

peach biology inherently makes GS more effective than apple biology. Nevertheless, under 

the current breeding program configurations at NOVADI and CEP, the implementation of GS 
appears to be more readily facilitated in peach, even though phenotyping costs are relatively 

low. 

The current results also do not demonstrate that WGS is required for apple. Physical genome 

size alone is not the determinant of genomic prediction accuracy. Marker distribution, LD, 

genotyping quality, TP relatedness, and the number of independently segregating 

chromosome segments are more directly relevant (Daetwyler et al., 2008; Goddard, 2009).  

A recent apple study found similar predictive ability with 7,255 well-distributed SNPs and more 

than 300,000 SNPs, while a poorly positioned overlapping marker set performed much worse 

(Jung et al., 2025). Therefore, increasing marker density or adopting WGS should be 

evaluated through marker-density and genotyping-cost analyses rather than assumed to 

improve economic efficiency automatically. 

This economic trade-off differed substantially between the two breeding programs considered 

here, with the ratio of genotyping to phenotyping costs reaching approximately 5.6 in peach 

compared with 2.2 in apple. Thus, despite the stronger performance of GS in the simulated 

peach program, genotyping currently represents a comparatively larger cost relative to 

phenotyping in peach. A substantial reduction in genotyping costs could therefore markedly 
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improve the cost-effectiveness of GS in both crops and potentially alter the relative 

attractiveness of genomic strategies. 

Overall, the contrasting behavior of GS in the simulated apple and peach programs illustrates 

the importance of evaluating genomic breeding strategies within the biological and operational 

context of each crop. Differences in genome architecture, mating system, domestication 

history, breeding-program structure, and the timing and composition of TP updates may all 

contribute to the observed responses. Further factorial simulations varying TP size, TP 
relatedness, phenotypic precision, marker density, and breeding-program structure 

independently would be required to disentangle these effects and determine which factors 

most strongly influence the cost-effectiveness of GS across perennial fruit crops. 

5.4 Genetic gain and genetic diversity management 

The strategies producing the greatest genetic gain also caused the fastest reduction in 
parental genetic variance and the greatest accumulation of inbreeding. This is an expected 

consequence of strong recurrent selection, because rapid changes in allele frequency can 

deplete genetic variance and increase the probability that favorable alleles present at low 

frequency are lost. Earlier simulations of genomic selection have similarly shown that rapid 

early gain can be accompanied by loss of favorable alleles, genetic variance, and eventually 

selection response (Jannink, 2010). Sustained response depends on both short-term selection 

and maintaining or replacing genetic diversity through effective population size, mutation, or 

germplasm introduction. 

The observed pattern therefore adds an important qualification to the genetic-gain ranking. 
GPCP+PS+GS+TPH was the best short-term strategy, but it was not necessarily the most 

sustainable strategy over a longer breeding perspective. This issue is particularly relevant 

when GS is used recurrently, because shortened generation intervals can accelerate both 

genetic gain and the loss of diversity. Long-term GS simulations have consequently 

emphasized the need to manage gain and diversity jointly rather than considering prediction 

and selection intensity alone (Allier et al., 2019; Gorjanc et al., 2018; Jannink, 2010). 

Adding OCS reduced short-term gain in the GPCP+PS+GS+TPH strategy by approximately 3-

7% across heritability levels. In apple, genetic gain decreased from 5.02 to 4.70, 5.50 to 5.28, 

and 5.74 to 5.54 at h2=0.1, 0.3, and 0.5, corresponding to reductions of 6.4%, 4.0%, and 3.5%, 

respectively. In peach, the corresponding reductions were 7.2%, 3.8%, and 4.8%, with genetic 

gain decreasing from 4.16 to 3.86, 4.70 to 4.52, and 4.98 to 4.74. Despite this relatively short-
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term penalty, OCS also slowed the accumulation of inbreeding and the depletion of parental 

genetic variance relative to the corresponding unconstrained GPCP strategies (fig. 6).  

This short-term penalty is consistent with the objective of OCS, which limits the 

disproportionate contribution of closely related high-value parents in order to retain diversity 

for subsequent selection. Longer-term simulations have shown that such constraints can 

eventually increase cumulative genetic gain. For example, Cowling et al. (2016) simulated 30 

cycles of recurrent selection and found that OCS provided more favorable long-term 
combinations of gain and population coancestry than truncation selection. Gorjanc et al. 

(2018) simulated recurrent GS over 20 years with one to six selection cycles per year and 

showed that optimal cross selection improved the efficiency with which genetic diversity was 

converted into gain and could outperform truncation selection over the longer term. Allier et al. 

(2019) evaluated 60 annual recurrent-selection cohorts following burn-in and showed that 

diversity-constrained selection could sacrifice short-term response while producing greater 

long-term gain. 

The simulations covered only a few selection cycles and evaluated OCS at a single target 

angle of 45°, making them too limited to determine if short-term penalties could be reduced 
and recovered later. Previous studies show this trade-off depends on the time horizon and 

diversity constraint. Cowling et al. (2016) compared target angles of 45° and 60° across 30 

cycles, while Gorjanc et al. (2018) found the optimal penalty varies with population size and 

selection cycles. Future evaluation of these strategies should include more cycles and a range 

of target angles to better understand the balance between immediate response, genetic 

variance preservation, and long-term gains in perennial breeding. 

5.5 Economic interpretation and practical adoption 

Because the compared strategies were designed under approximately equivalent total 

budgets, differences in genetic gain represent differences in breeding efficiency rather than 

the effect of simply spending more money for GS implementation. Superior genetic gains 

therefore indicate that reallocating part of the available budget toward genomic mating design 

and selection could produce greater genetic progress. 

This follows the microeconomic framework of Fugeray-Scarbel et al. (2022) and suggests that 

reallocating resources toward genomic mating design and selective early genotyping can 

increase genetic progress with the existing budget. 
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The most important observation points to high PS+GS cost in peach. Although the number of 

phenotyped candidates was reduced in an attempt to offset the additional genotyping 

expenses (Table 2b), the relatively low unit cost of phenotyping in the peach program limited 

the savings that could be achieved through further reductions in field evaluation. 

Consequently, decreasing the PS+GS budget to a level comparable with the baseline would 

likely require reductions in population size or phenotyping intensity that could compromise 

selection accuracy and the representativeness of the evaluated population. Breeders should 
therefore consider not only the genetic gain achieved by this strategy but also the magnitude 

and feasibility of the additional investment required (here 10 k€ to 16k€ compared to 

alternative PS and GS strategies). 

Then, under the simulated conditions for peach, GS-only provides a clearer cost-effectiveness 

advantage because it achieved genetic gain comparable to or greater than baseline PS across 

all heritability levels, shortened the breeding-cycle interval, and operated under a budget that 

was more closely aligned with the conventional scheme. These results suggest that, for peach 

programs with relatively inexpensive phenotyping, replacing early phenotypic selection with 

GS may be more economically realistic than adding genomic prediction to an already low-cost 
phenotypic stage. 

However, this comparison is not a complete return-on-investment (ROI) analysis. Total costs 

were similar but not identical among schemes, and the absolute budgets for apple and peach 

should not be compared directly because they represent different breeding programs and cost 

structures. In addition, the simulations assumed that an initial training population (TP) was 

already available and did not separately account for its establishment or for dedicated 

recurrent costs associated with model retraining, data curation, computation, and specialist 

personnel. In contrast, genotyping and phenotyping costs for candidates that could 

subsequently contribute to TP updating were already included as routine selection operations. 

Thus, the main unaccounted investments concern establishment of the initial TP and the 
dedicated analytical infrastructure required to maintain genomic prediction, rather than the 

routine generation of phenotypic and genotypic data used for TP updating. 

For implementation, GPCP appears to be a promising first use of genomic information when 

a sufficiently accurate and current TP is already available. We did not evaluate GPCP as a 

stand-alone strategy without GS of progeny. In practice, combining GPCP with GS also 

creates a recurrent flow of genotyped candidates that are subsequently phenotyped and can 

be incorporated into model retraining, thereby helping maintain the TP on which GPCP itself 
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depends. The next priority could therefore be targeted GS, or an optimized PS+GS selection 

index, for traits and stages where phenotyping is least accurate, most expensive, or available 

only late in the breeding process.  

Nevertheless, in perennial fruit trees, genomic selection cannot eliminate the need for 

advanced clonal evaluation. Candidate cultivars must still be assessed for several years and 

environments to validate performance, GxE interaction, fruit and market quality, and ultimately 

release suitability. Consequently, the breeding cycle cannot be shortened simply to the 
generation interval achievable through early GS. 

However, genomic information could also improve the efficiency of these later testing stages 

rather than merely replacing early phenotyping. Sparse multi-environment testing provides 

one such opportunity: because advanced candidates are already genotyped, only a subset of 

genotype-by-environment combinations may need to be phenotyped, while genomic 

prediction can be used to infer performance in unobserved combinations and model G×E. In 

rice, for example, He et al. (2023) found that multi-environment genomic prediction with only 

about 30% of the phenotypic records could achieve prediction accuracy comparable to 

substantially higher phenotyping intensities, and that modeling covariance among 
environments improved prediction (He et al., 2023). Although the reduction in testing for 

perennial fruit crops is yet to be established, this approach suggests GS could supplement 

multi-year, multi-location validation by enabling more efficient phenotyping. The phenotypic 

data from these genotyped selections could be reused in G×E prediction models and future 

TP updates. 

5.6 Limitations and future simulation perspectives 

Several assumptions limit the direct transfer of the theoretical gains observed here to 

commercial breeding. First, the modeled trait was controlled by 200 additive QTLs and 

excluded dominance, epistasis, GxE interaction, major genes, and correlations with other 

breeding objectives. Apple and peach breeding programs select multiple traits, often involving 

trade-offs among fruit quality, productivity, phenology, disease resistance, adaptation, and 

other targets. Thus, selection responses for one polygenic trait can differ from those under 

realistic multi-trait goals. Second, MAS was simulated as random selection because the 

modeled quantitative trait was assumed to be independent of the MAS loci, for example loci 
controlling disease resistance. The simulations therefore represent selection for one polygenic 

trait after a neutral bottleneck rather than joint selection on linked or correlated targets. Third, 
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heritability was imposed through stage-specific error variance, while realized heritability could 

change across cycles as genetic variance was depleted.  

The single-trait framework may also underestimate the relative economic value of genomic 

information in a real breeding program. A single genotyping event can contribute 

simultaneously to prediction and selection for several traits, whereas phenotyping additional 

traits generally requires additional measurements, labor, equipment, or trial resources, even 

when observations are collected on the same trees. Thus, the marginal cost of adding 
breeding objectives may increase more rapidly for phenotypic selection than for genomic 

selection once a common marker dataset and prediction infrastructure are available. Multi-trait 

simulations could therefore reveal larger relative benefits of GS than those estimated here, 

although the magnitude of this advantage would depend on genetic correlations among traits, 

trait-specific prediction accuracy, and the cost structure of phenotyping. 

Other limitations concern prediction and breeding operations. The simulations assumed 

complete marker data, a fixed rrBLUP model, and successful crosses and plant establishment. 

They did not represent genotyping failures, imputation errors, missing phenotypes, variable 

seed germination, rootstock-scion interactions, or environmental heterogeneity. In addition, 
approximate rather than exact equality among breeding budgets and the one-cycle TP lag 

used for apple GPCP should be considered when interpreting differences among strategies.  

More informative next analyses should independently vary genotyping cost, marker density, 

training-population size and update frequency, family size, parental-renewal timing, and the 

genetic distance between the training population and selection candidates. Further scenarios 

should evaluate optimized selection-index weights, dominance and epistasis, G×E 

architectures, and realistic multi-trait breeding objectives, including favorable and unfavorable 

genetic correlations among economically important traits. Longer simulations would also be 

useful for assessing whether short-term gains from intensive genomic selection are 

maintained when genetic diversity declines and whether diversity-management strategies 
alter long-term rankings. 

These extensions could be implemented by expanding the R Shiny application and simulation 

pipeline developed in this thesis. The existing framework provides a basis to systematically 

add biological, operational, and economic parameters and for comparing breeding strategies 

across a wider range of assumptions. Extending the application in this way would also allow 

breeders to explore program-specific scenarios interactively, rather than relying on a single 

set of fixed simulation parameters.  
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VI. Conclusions 

This thesis evaluated whether genomic selection can improve genetic gain in apple 

and peach breeding using data from real breeding populations and program structures from 

NOVADI and CEP Innovation. Conventional and genomic strategies were compared under 

realistic operational constraints and approximately equivalent within-species budgets. The 

results show that the value of genomic information depends less on its mere inclusion in a 

breeding program than on the stage at which it is applied. 

Across both species and all heritability levels, the highest genetic gain was obtained when 
genomic prediction was used to optimize parental crosses through GPCP and was 

subsequently combined with phenotypic and genomic information during hybrid selection. This 

indicates that genomic tools are most effective as components of an integrated breeding 

strategy rather than as universal substitutes for phenotypic evaluation. 

The relative benefit of genomic strategies also depended on trait heritability and breeding-

program structure. Their advantage was more significant for low-heritability traits. As 

heritability increased, conventional PS became more competitive, particularly in apple. In 

peach, genomic strategies remained advantageous across a broader heritability range. 

From a practical perspective, GPCP is promising for early use of genomic information because 

it improves the expected value of progeny before establishing a large field. Nevertheless, the 

preferred implementation may differ between crops. In apple, the integrated GPCP+PS+GS 

strategy generated the greatest gain, whereas genomic selection without genomic mating 

optimization produced limited benefits under the simulated conditions. In peach, the strategy 

combining GPCP with GS, but without the additional PS step during hybrid selection, achieved 

genetic gain comparable to or greater than baseline PS across the tested heritability levels, 

shortened the breeding-cycle interval, and maintained a budget closer to the conventional 

scheme than the more expensive combined GPCP+PS+GS alternative. Thus, the peach 

results should not be interpreted as evidence that GS alone is sufficient, but rather that 

genomic selection was most effective when supported by prior genomic optimization of 
parental crosses. 

Overall, GS can improve genetic gain in fruit tree breeding, but its success depends on 

strategic integration into the existing pipeline. The most robust suggestion from these analyses 

is to use genomic information where it changes decisions earliest and most effectively, i.e., to 
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design better crosses, support selection for traits with limited phenotypic accuracy, and 

shorten the interval between generations. Phenotypic evaluation remains essential for 

advanced testing and cultivar release. GS could therefore be seen as a tool for directing 

breeding resources toward the crosses and candidates with the greatest probability of 

success. 
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Supplementary material 

 

Figure 1. Segregant sites across apple (a) and peach (b) chromosomes. SNP markers 
from th Axiom® Apple480K array dataset and IRSC 16k Illumina SNP array for Prunus 

persica are used to model segregant sites assigned to markers and QTLs associated with 
the simulated trait. Monotonic interpolation was used to infer the genetic position of markers 
with physical position only. For apple: 24,172 marker positions (Mb) in the marker matrix and 

10,290 marker positions (cM) in the consensus genetic map, from which 5,146 positions 
were fixed as anchors for the interpolation. For peach: 13,683 segregating marker positions 

(Mb) and 3,092 marker positions in the consensus genetic map, from which 2,930 were 
anchor positions.  

a) b) 
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Figure 2. Evolution of genetic and genomic diversity indicators during the apple burn-
in phase. The burn-in consisted of ten preliminary phenotypic-selection cycles used to 

initialize the parental population before comparing breeding strategies. Years are expressed 
relative to the end of the burn-in, with year 0 corresponding to the parental population used 
to start the scenario simulations. The panels show the evolution of additive genetic variance 
(varG), mean genetic value (meanG), and the parental-population inbreeding coefficient (F); 
the decay of linkage disequilibrium (LD, r2) with genetic distance on chromosome 1 in cycles 

1 and 10; the proportion of initially realized QTL and SNP loci that remained segregating 
over time, with thin lines representing individual simulation replicates and thick lines 

representing the mean; and the distribution of identical-by-descent (IBD) segment lengths in 
cycles 1 and 10. Across the burn-in, directional selection increased the population mean and 

inbreeding, while genetic variance initially increased and subsequently stabilized. The 
proportion of segregating loci declined moderately, particularly for QTL, and the IBD 

distribution shifted toward a larger proportion of short segments by cycle 10. LD decayed 
rapidly with genetic distance in both cycles, although LD was generally higher in cycle 10. 

Shaded ribbons represent variation among simulation replicates. 
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Figure 3. Evolution of genetic and genomic diversity indicators during the peach 
burn-in phase. Across the burn-in, directional selection increased the mean genetic value, 
while genetic variance increased during the first cycles and then remained broadly stable. 
The proportion of segregating loci declined only slightly, indicating limited loss of QTL and 
SNP polymorphism during initialization. LD decayed rapidly with genetic distance in both 
cycles and was generally lower in cycle 10 at intermediate and long distances. The IBD 
distribution also shifted toward a higher frequency of short segments by cycle 10. The 

negative values observed for the estimated inbreeding coefficient indicate that this statistic 
was centered relative to the founder population and should therefore be interpreted as 

outbreeding. Shaded ribbons represent variation among simulation replicates. 

 

 

Figure 4. Shiny UI developed for this project. The Shiny App was especially valuable 
during the exploratory phase to test configurations and schemes and served as the 

foundation for these scripts. 
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