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Abstract
The first generations of most clone breeding programs do not allow multi-

environment trials due to the lack of sufficient reproductive organs. We integrated

the phenotypic records of such an early timepoint, called the A clone stage in potato

(Solanum tuberosum L.) breeding, into a genomic prediction framework and analyzed

(i) if different relationship information can enhance the accuracy of the breeding val-

ues from such unreplicated trials, and (ii) whether a weighted combination of these

enhanced breeding values with predicted breeding values calculated through genomic

prediction can further improve accuracy. Compared to the breeding values derived

without considering any relationship information among the clones, enhanced breed-

ing values achieved a higher accuracy for 7–14 traits, depending on the relationship

matrix used (multispectral, genetic, pedigree, or a combination). Combining these

enhanced breeding values with predicted values from genomic prediction via a heri-

tability index resulted in a weak increase of accuracy (0.5%) for five traits. However,

a grid search to find the optimal combination of weights revealed more traits (8–

12) with a higher mean increase of accuracy (0.5%–3.8%). Our findings show that

the accuracies of unreplicated clones can be increased with easy-to-collect multi-

spectral and pedigree data. The magnitude of this accuracy increase was negatively
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genomic prediction; HBV, holistic breeding value; MET, multi-environment trial; NIRS, near-infrared spectroscopy; PS, phenomic selection; SNP, single

nucleotide polymorphism; TS, training set; TV, true genetic value; UAV, unmanned aerial vehicle.
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correlated with the per plot heritabilities, which makes this approach effective for

lowly heritable traits. We see potential for this approach in the early stages of potato

breeding programs, like the seedling or single hill stage, where the exact assessment

of complex traits is impossible due to low heritability.

Plain Language Summary
This study focuses on ways to improve the accuracy of determining the performance

of new potato varieties using different types of information, such as family related-

ness information, genetic, and drone image data. The goal was to evaluate if these

methods could help in early stages of potato breeding programs where each potato

variety is tested only superficially. The results showed that while the current testing

methods already gave fairly accurate results, adding extra information improved accu-

racy further. This was especially true for traits that are less influenced by genetics.

Different data types worked better for different traits, but in general, a mix of family

relatedness information and drone images was enough to produce good results. Over-

all, this extra information helps breeders to make accurate selection decisions and we

see potential that these methods could be applied in even earlier breeding program

stages where the testing quality is usually very low.

1 INTRODUCTION

A key challenge in developing improved varieties in potato

(Solanum tuberosum L.) breeding programs is the time

investment required to test the performance of new variety

candidates that were created by crossing two or more clones

(Jansky & Spooner, 2018). This is mainly because potato is

a clonally propagated species with a low propagation coeffi-

cient. Therefore, a variety candidate undergoes at least three

seasons of multiplication until it can be tested in a multi-

environment trial (MET) which is, so far, the common method

in potato breeding programs to obtain a robust prediction

of the performance of a clone across environments (DeLacy

et al., 1996). Furthermore, destructively measured traits like

chips, French fry color, or bruising tolerance put additional

pressure on tuber availability for testing at an acceptable her-

itability level. One possible way to approach this challenge is

genomic prediction (GP) (Meuwissen et al., 2001).

GP is a method that predicts the performance of genotypes

by capitalizing on all genetic markers simultaneously, thus,

eliminating the need to phenotype. The basis of GP is often a

regression model where a precalculated variance-covariance

structure, also called relationship matrix, is specified for the

genetic effect. A GP model is trained via a training set (TS)

with known geno- and phenotypes. Once it is trained, pre-

dictions can be made for untested genotypes with a certain

accuracy as long as genetic marker data are available to cal-

culate a genetic relationship matrix between the untested

genotypes and a training population. Selection based on

the predictions calculated via GP is called genomic selec-

tion (GS). The potential of GS to select on predicted rather

than assessed phenotypes has been shown first for livestock

breeding (García-Ruiz et al., 2016; Hayes & Goddard, 2010;

Legarra et al., 2008). After that, GS was also quickly tested

and applied in plant breeding with promising results for sev-

eral crops important for food production like wheat (Triticum
aestivum)(e.g., Daetwyler et al., 2014; He et al., 2016; Juliana

et al., 2020), soybean (Glycine max L. merr) (e.g., Matei

et al., 2018; Stewart-Brown et al., 2019), and maize (Zea mays
L.) (e.g., Dos Santos et al., 2016; Lohithaswa et al., 2022;

Zhao et al., 2012). For potato breeding, GS also showed a

high potential for various predicted traits (Enciso-Rodriguez

et al., 2018; Habyarimana et al., 2017; Stich & Van Inghe-

landt, 2018). In addition, various TS compositions have been

evaluated (Sverrisdóttir et al., 2018) and the question of how

to optimally implement GS in real potato breeding programs

has been investigated with the help of computer simulations

(Wu et al., 2023).

Since less time has to be invested into testing, GS can

help to increase genetic gain by reducing the cycle length of

a breeding program. The drawback lies in a selection accu-

racy, which can be much lower than one depending on the

trait. However, besides the above-described classical use of

GS, its concept can also be applied to improve the accuracy

of already phenotyped genotypes (Endelman et al., 2014).

In this second approach, breeding values are calculated by

integrating unreplicated phenotypic records from preliminary

yield trials into the GP framework which can result in higher
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prediction accuracies compared to the first use of GS while

the need to phenotype is not eliminated. Therefore, this second

approach represents a middle way between GS and classical

testing through METs. Michel et al. (2017) applied this con-

cept by using phenotypic records from preliminary yield trials

of winter wheat to estimate their breeding values and reported

higher prediction accuracies than GP alone. Terraillon et al.

(2022) also used the same concept to show in a simulation

study that GP models can enhance the estimation of geno-

typic values in unreplicated trials in general. However, the

suitability of this approach, namely, to enhance breeding value

estimations by incorporating unreplicated early-stage pheno-

types, has not been evaluated in the context of clone breeding

programs so far.

Although genotyping costs have been reduced dramatically

in the last decades (Knol et al., 2016), GS remains expensive

for large-scale breeding applications. This is especially true

in the early stages of potato breeding programs, which feature

very large numbers of variety candidates (Wu et al., 2023).

Rincent et al. (2018) proposed a promising alternative to GS

called phenomic selection (PS), which circumvents the geno-

typing bottleneck. In PS, predictions are based on absorbance

or reflectance spectra of the genotypes instead of genetic

marker profiles. In wheat, Rincent et al. (2018) reported

higher or similar accuracies compared to GS depending on the

predicted trait by utilizing spectra obtained through lab-based

near-infrared spectroscopy (NIRS). Since then, several stud-

ies have highlighted the possibility of using unmanned aerial

vehicles (UAVs) for spectra acquisition in phenomic predic-

tion with promising results (Galán et al., 2020; Krause et al.,

2020; Maggiorelli et al., 2024; Sun et al., 2020). The use of

UAVs means a significant reduction in work effort and cost

compared to lab-based NIRS and even more so compared to

the genotyping that would be required for GS.

After PS was first proposed, several studies investigated

how genomic and phenomic predictors could be combined

and what effect the integration of both information sources

has on predictions. Krause et al. (2019) showed that com-

bining molecular markers with hyperspectral reflectance data

in multi-kernel models can increase prediction accuracies in

wheat compared to single-kernel approaches, depending on

the prediction scenario. Galán et al. (2020) reported similar

results for hybrid rye by combining genomic and hyperspec-

tral reflectance-derived relationship matrices in multi-kernel

and bivariate models using plant height fitted as a secondary

trait. For potato, an increase in predictive ability was reported

for 20 out of 22 analyzed traits by combining multispectral

reflectance data and genotypic markers (Maggiorelli et al.,

2024). These findings were reported in the context of the clas-

sical use of GS and PS, which is to predict untested genotypes.

However, the question remains open whether spectral pheno-

types and their combination with genetic markers can also

Core Ideas
∙ Genetic, pedigree, or multispectral relationship

information enhance selection accuracies of tested

potato clones in unreplicated trials.

∙ Easy-to-collect pedigree and multispectral data

obtained via drone are sufficient to enhance accu-

racy for most potato traits.

∙ Accuracy gains from added relationship informa-

tion are highest for traits with low heritability and,

thus, have their highest potential for application

in early potato breeding program stages, like the

seedling or single hill stage.

be used to improve the accurate estimation of genetic values

from, for example, early yield trials, which is the second use

case of predictive breeding approaches.

The objectives of this study were to (i) investigate whether

the accuracy of early-stage potato clone breeding values

can be improved by integrating their phenotypic records in

combination with genomic, phenomic, pedigree data, or a

combination of these in prediction models, and (ii) combine

the enhanced breeding values (EBVs) from the first objective

with predicted breeding values from GP and assess the effect

on breeding value accuracy.

2 MATERIALS AND METHODS

2.1 Plant material and experimental design

Our study was based on 988 tetraploid S. tuberosum L. clones

provided and grown by three German breeding companies,

namely SaKa (SaKa Pflanzenzucht GmbH & Co. KG), Norika

(Nordring- Kartoffelzucht- und Vermehrungs- GmbH), and

EUROPLANT (EUROPLANT Innovation GmbH & Co),

here referred to as the PotatoTools population. The material

consisted of 980 clones at the A clone level, which repre-

sents the first stage in a typical potato breeding program in

which more than one tuber can be tested but where the num-

ber of tubers per clone is still insufficient to test the material

in METs. The A clones were randomly selected from all the

available material of the respective breeding programs repre-

senting four market purpose groups, namely, crisp production

(339), French fries production (247), table potato (246), and

starch production (148). The A clones have underwent two

stages of selection after crossing and were selected by each

breeding company from the prior stage (i.e., single hill stage)

to be representative of the diversity available at that stage

of the breeding program for the respective market purpose
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T A B L E 1 Family structure of the analyzed clones.

Number of
full-sib families

Number of clones per
family

Breeder Min Max Mean
EUROPLANT 47 1 23 6.30

Norika 17 10 25 17.65

SaKa 99 1 29 3.88

group. In total across all breeders, the 980 A clones belonged

to 163 full-sib families with an average of six clones per

family (Table 1). The other eight clones were elite potato culti-

vars used as comparative checks across environments. These

were selected to represent different maturity groups and all

market-purpose groups.

Each breeder grew their material in one breeder-specific

location in 2019 and then in two breeder-specific locations

in the years 2020 and 2021 resulting in 15 different year ×
location combinations, referred to hereafter as environments

(Table 2; Figure S1). Due to the limited number of avail-

able tubers per clone harvested from the prior breeding stage

(i.e., single hill stage) the clones planted in 2019 were tested

with a lower number of plants per plot than in the subse-

quent years (Table 2). We refer to this environment as the

true A clone environment. In a typical potato breeding pro-

gram, only a subset of the A clones would have been selected

to be tested in the B clone stage in more than one location

the year after. However, in the PotatoTools project, all clones

were retained and evaluated again in the two subsequent years.

This means that all A clones were tested in multiple environ-

ments, which is usually not the case in a conventional potato

breeding program.

The clones of our study were grown in augmented row–

column designs with one replicate per clone per environment,

except for the eight checks that were present once per block

(Table 2). The SaKa experiments at both environments in

2021 were separated into two trials representing two differ-

ent maturity groups: extra early + early (with three blocks)

and medium early + medium late (with five blocks).

Plants were phenotyped by the respective breeder dur-

ing the growing season and after harvest for 14 traits

that were comparable across all environments and breed-

ers (Table S1). These traits included developmental criteria

(emergence, foliage development, and maturity), measured

traits (yield, starch content, and polyphenol oxidase activ-

ity), tuber-specific traits (shape, eye depth, skin type, etc.),

as well as disease symptoms (rhizoctonia symptoms and

scab symptoms) assessed without any artificial inoculation

(Table S1). In detail, yield was measured as kilograms per

plot and adjusted for the number of emerged plants per

plot. All experiments were conducted using local agronomic

management practices.

2.2 Multispectral data

Multispectral data were obtained by overflight with an UAV

of model XR6 Hexacopter from Air6 Systems. The drone was

equipped with a Tetracam MicroMCA camera with six chan-

nels, two of which measured absorbance at near-infrared level,

and took pictures at an altitude of approximately 100 ms above

the field. Raw images were (i) calibrated and coregistered

with PixelWrench (Tetracam Inc.), (ii) photogrammetrically

evaluated with Metashape (Agisoft), and finally, (iii) the plot

values were statistically assigned with MiniGIS 2.0 (geo-

konzept GmbH). Absorbances were measured per plot where

the outer 20- to 30-cm width were not included to minimize

edge and soil effects. For 2020 and 2021, different cameras

of the same model but with different available channels were

used, resulting in multispectral data with five overlapping and

two different channels across both years (Maggiorelli et al.,

2024). Due to a malfunction, the 670 nm channel was not

assessed in 2021.

The UAV was used to take pictures on three flight dates

in both years. The flight dates were chosen at specific

phenological growth stages according to the Biologische Bun-

desanstalt für Land- und Forstwirtschaft, Bundessortenamt

und CHemische Industrie (BBCH) scale (Meier et al., 2018),

where the two medium-early maturing check varieties, Agria

and Verdi, were chosen as references. The first flight took

place at approximately BBCH scale stage 31 (main stem

elongation stage with beginning crop cover), the second at

approximately stage 65 (first inflorescence flowering stage),

and the last flight was performed at approximately stage

91 (beginning senescence) in both years. Multispectral data

were gathered and preprocessed by geo-concept GmbH. We

used the mean reflectances per plot for each channel and

flight date combination for further analyses. Spectral data

were scaled, centered, and evaluated for outliers via princi-

pal component analysis. We identified 2.8% and 2.6% outliers

in the spectra of Windeby 2020 and Windeby 2021, respec-

tively, and set them to missing value. Removed outliers were

median imputed.

2.3 Statistical analyses

2.3.1 Phenotypic data analyses

Phenotypic data were analyzed for SaKa and across all three

breeders, separately. In both locations in 2021, the SaKa

genetic material was divided into two distinct trials, namely,

early and medium late maturing clones as described above.

A trial effect was estimated using the check varieties present

in each block as a fixed effect in a linear model (cf. Mag-

giorelli et al., 2024). Phenotypic observations of the checks

and entries were then adjusted for each trait by subtracting the
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T A B L E 2 Environments (i.e., year–location combinations used for phenotypic evaluation) in the PotatoTools project.

Environment No. of entries No. of families No. of blocks No. of plants per plot
Europlant 2019 Kaltenberg 299 46 4 10

Europlant 2020 Kaltenberg 297 47 4 16

Europlant 2020 Böhlendorf 287 46 2 16

Europlant 2021 Kaltenberg 300 48 4 16

Europlant 2021 Böhlendorf 300 48 1 16

Norika 2019 Groß Lüsewitz 300 17 2 9

Norika 2020 Groß Lüsewitz 300 17 4 18

Norika 2020 Mehringen 300 17 3 20

Norika 2021 Groß Lüsewitz 297 17 4 18

Norika 2021 Mehringen 300 17 2 20

Saka 2019 Windeby 458 107 8 10

Saka 2020 Windeby 387 99 8 16

Saka 2020 Gransebieth 387 99 8 16

Saka 2021 Windeby 387 99 8 16

Saka 2021 Gransebieth 387 99 8 16

trial effect from each observation in the corresponding trial

and environment and were used for all subsequent analyses.

After this correction, we analyzed the SaKa data using the

following model:

𝑌𝑔𝑐𝑟𝑏𝑒 = 𝜇 + 𝐺𝑔 + 𝐸𝑒 + (𝐺𝐸)𝑔𝑒 + 𝐵𝑏𝑒 +𝑅𝑟𝑒 + 𝐶𝑐𝑒 + 𝜖𝑔𝑐𝑟𝑏𝑒,

(1)

where 𝑌𝑔𝑐𝑟𝑏𝑒 is the trial-adjusted phenotypic observation of

the 𝑔th clone in the 𝑏th incomplete block, 𝑟th row, and 𝑐th col-

umn, nested in the 𝑒th environment; 𝐺𝑔 is the effect of the 𝑔th

clone; 𝐸𝑒 is the random effect of the 𝑒th environment; (𝐺𝐸)𝑔𝑒
is the random interaction effect between the 𝑔th clone and the

𝑒th environment; 𝐵𝑏𝑒, 𝑅𝑟𝑒, and 𝐶𝑐𝑒 are the random effects of

the 𝑏th incomplete block, the 𝑟th row and 𝑐th column, which

were all nested in the 𝑒th environment; and 𝜖𝑔𝑐𝑟𝑏𝑒 is the resid-

ual error term. The column effect 𝐶 was only included in

the final model, if 𝜎2
𝑐

was significant as tested by a restricted

likelihood-ratio test for the corresponding trait (Crainiceanu

& Ruppert, 2004). Outliers were removed based on visual

inspections of quantile–quantile normal as well as residuals

versus fitted values plots.

We computed the broad-sense heritability on a per plot

basis across all SaKa environments as follows:

𝐻2
plot

=
𝜎2
𝐺

𝜎2
𝐺
+ 𝜎2

𝐺𝐸
+ 𝜎2

𝑒

, (2)

where 𝜎2
𝐺

is the genotypic, 𝜎2
𝐺𝐸

is the genotype × envi-

ronment, and 𝜎2
𝑒

is the error variance taken from model

(1).

To analyze the phenotypic data across all breeders, we used

a modified version of model (1) that estimated the genotype–

environment interaction effect for the checks as described by

Thelen et al. (2025):

𝑌𝑔𝑐𝑟𝑏𝑒 = 𝜇 + 𝐺𝑔 + 𝐸𝑒 + 𝑐𝑔(𝐺𝐸𝑔𝑒) + 𝐵𝑏𝑒 +𝑅𝑟𝑏𝑒

+𝐶𝑐𝑏𝑒 + 𝜖𝑔𝑐𝑟𝑏𝑒, (3)

where, 𝑐𝑔 is a dummy variable separating checks with 𝑐𝑔 =
1 from entries with 𝑐𝑔 = 0. Except for 𝐺𝑔 , all effects were

regarded as random. Because of the different naming conven-

tions across breeders and blocks, we nested row and column

effects in blocks for this model. Based on this analysis for

each trait, records with a standardized residual value greater

than 3.5 were considered outliers and were removed from the

dataset (Thelen et al., 2025). In the next step, a correction for

the check-based block effect was realized as described above

for the trial effect, in case of a significant (𝛼 = 0.05) likeli-

hood ratio test in model (3). The corrected trait values were

used for all further analyses.

We calculated four different adjusted entry means (AEMs)

for each trait by setting 𝐺𝑔 as fixed in either model (1) or

model (3) but using different combinations of environments.

First, AEMs were calculated across all SaKa environments

with model (1) excluding the true A clone environment, that

is, SaKa 2019. These AEMs were considered as the true

genetic values (TVs) of the SaKa clones. We correlated the

breeding values calculated in subsequent analyses with the

TVs and referred to the resulting correlation in the following

as accuracy.

Furthermore, AEMs including all breeders were calculated

with model (3) across (i) all 15 environments, (ii) all environ-

ments excluding the true A clone environment of SaKa, and

(iii) all EUROPLANT and Norika environments as well as the

true A clone environment of SaKa.
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In a sub-analysis, adjusted check means were calculated

using all possible combinations of environments across all

breeders with model 1. Then, we correlated the adjusted

check means based on all 15 environments with the respective

means of the adjusted check means based on 1–14 environ-

ments to investigate the effect of the number of considered

environments on the reliability of AEMs as breeding values.

Phenotypic data were preprocessed and analyzed using R

version 4.3.2 (R Core Team, 2023) and linear mixed effect

models were fitted with the R package lme4 (Bates et al.,

2015). Significance of effects of both models can be seen in

Tables S2 and S3.

2.3.2 Estimation of breeding values

Breeding values for the SaKa clones of the true A clone envi-

ronment were estimated by calculating best linear unbiased

predictions (BLUPs) using the following model:

𝑌𝑔𝑏 = 𝜇 + 𝑐𝑦(𝐺𝑔) + 𝑐𝑛(𝐺𝑔) + 𝐵𝑏 + 𝜖𝑔𝑏, (4)

where 𝑌𝑔𝑏 is the phenotypic observation of clone 𝑔 in block

𝑏; 𝜇 is the general mean; 𝑐𝑦 and 𝑐𝑛 are dummy variables sepa-

rating the checks and entries, respectively; 𝐺𝑔 is the effect of

the 𝑔th clone; and 𝐵𝑏 is the effect of the 𝑏th block. As breed-

ing values were calculated for all clones except the checks, all

effects except for 𝑐𝑦(𝐺𝑔) were treated as random. Calculating

breeding values this way allowed specification of variance-

covariance structures for the entries with 𝐺𝑔 ∼ 𝑁(0,𝑿σ2
𝑔
),

where 𝜎2
𝑔

is the genotypic variance of the entries and 𝐗 is

the relationship matrix. If an identity matrix (𝐈) was used

as relationship matrix 𝐗, we referred to the resulting values

in the following as breeding values. In contrast, EBVs were

calculated by capitalizing on other sources of data to derive

𝐗.

The calculation of the spectral and genomic relationship

matrix was described in detail by Maggiorelli et al. (2024).

In summary, the multispectral relationship matrix (𝑀) was

derived from spectral profiles of SaKa Windeby 2020 and

SaKa Windeby 2021 and calculated as 𝑴 = 𝑺𝑺
′

𝑚𝑠

, where 𝐒′

is the transpose of 𝐒 which was the spectra matrix of dimen-

sions 𝑛 × 𝑚𝑠, where 𝑛 is the number of entries (384) and

𝑚𝑠 is the number of flight date and channel combinations (7

channels × 3 flight dates × 2 environments = 42). Spectra

of both years were used simultaneously by joining the pro-

files of both years together for 𝐒. The genomic relationship

matrix 𝐆 was calculated as 𝑮 = 𝒁𝒁
′

𝑚𝑔

, where 𝐙 is the matrix

of single nucleotide polymorphisms (SNPs) with the dimen-

sions 𝑛 × 𝑚𝑔 , where 𝑚𝑔 is the number of SNPs (210,000)

(Baig et al., 2025). Lastly, the pedigree relationship matrix

𝐀 was calculated with the R package AGHmatrix (Amadeu

et al., 2023) with the function for the additive pedigree rela-

tionship matrix for autotetraploids according to Kerr et al.

(2012). For this, missing and partially missing parent infor-

mation were included in the pedigree data. The pedigree

information ranged back one generation for five clones, two

generations for 162 clones, three generations for 160 clones,

four generations for 42 clones, and five generations for 15

clones. Each of the above-described relationship matrices was

centered and scaled to a sample variance of 1 (Kang et al.,

2010) to ensure comparability between the three different

relationship sources.

To investigate the usefulness of borrowing relationship

information in cases with low data quality, we performed

computer simulations for which we considered the traits starch

content and yield, and added a normally distributed error to

the phenotypic observations such that lower per plot heri-

tabilities were reached. The standard error required for these

simulations was derived by solving equation (2) for 𝜎𝑒.

In addition to relationship matrices derived from one source

of information, we also investigated EBVs capitalizing on

spectral, genomic, and pedigree relationships simultaneously.

These mixed relationship matrices 𝐂𝐦𝐚𝐱 were calculated as

follows:

𝑪𝐦𝐚𝐱 = 𝑴 ×𝑤𝑀 +𝑮 ×𝑤𝐺 +𝑨 ×𝑤𝐴, (5)

where 𝑤𝑀 , 𝑤𝐺, and 𝑤𝐴 are weights between 0 and 1 and

𝑤𝑀 +𝑤𝐺 +𝑤𝐴 = 1. The weights varied in steps of 0.01. In

total, 5151 combinations were evaluated for each trait.

2.3.3 Calculation of holistic breeding values

In breeding programs in which GS is applied, the possibility

exists to refine the estimation of genetic values for tested A

clones further by combining the above-explained EBVs with

the genomic best linear unbiased predictions (GBLUPs) from

GS based on an existing prediction model. We refer to the

resulting combination as holistic breeding value (HBV).

GBLUPs were calculated as follows:

𝑌𝑢 = 𝜇 + 𝑈𝑢 + 𝜖𝑢, (6)

where 𝑌𝑢 is the AEM of clone 𝑢 and 𝑈 is the random genetic

effect of the 𝑢th clone. 𝑈 is independent of 𝜖𝑢 with 𝑈 ∼
𝑁(0,𝑮σ2

𝑈
). Here, 𝜎2

𝑈
is the variance of the genetic effects

and 𝐆 is the additive genomic relationship matrix. We calcu-

lated GBLUPs under three different prediction scenarios by

considering different TSs that resulted in high, medium, and

low prediction accuracies. This way, HBVs can be compared

under varying prerequisites for GP.

In the first and pessimistic approach, we used the geno- and

phenotypes of the other breeders in the PotatoTools project,

namely EUROPLANT and Norika, to predict the true A clone

phenotypes of SaKa genotypes. For this, we used the AEMs
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MAGGIORELLI ET AL. 7 of 17

across all 15 environments derived from model (3) of the

EUROPLANT and Norika clones as the TS. In the second and

optimistic approach, we additionally included all SaKa geno-

types as well as all phenotypes of SaKa except of the true A

clone environment in the TS. This was realized by using the

AEMs calculated across every environment excluding the true

A clone environment from model (3) as TS. Our third and

realistic approach assumed that the true A clone phenotypes

were available and incorporated them in the TS together with

the data from EUROPLANT and Norika. Here, the TS con-

sisted of the AEMs calculated across all EUROPLANT and

Norika environments as well as the true A clone environment

of SaKa.

Finally, HBVs were calculated by combining GBLUPs and

EBVs in two ways: first, through a heritability index, and

second, through a grid search. For the heritability index, we

computed genomic heritabilities via shrinkage parameter 𝜆

analogous to Hofheinz et al. (2012) and Michel et al. (2017)

with:

ℎ2
𝜆
= 1

𝜎2
𝑒
∕𝜎2

𝑔
+ 1

, (7)

where 𝜎2
𝑔

and 𝜎2
𝑒

were taken from model (4) or model

(6) to compute the heritabilities for the EBVs (ℎ2
𝜆EBV

) or

the GBLUPs (ℎ2
𝜆GBLUP

), respectively. The HBVs were then

calculated for each trait as follows:

HBV = EBV′ × ℎ2
𝜆EBV

+ GBLUP′ × ℎ2
𝜆GBLUP

, (8)

where EBV′ and GBLUP′ are the scaled vectors of EBVs

and GBLUPs.

For the grid search, we modified equation (8) by substi-

tuting ℎλEBV2 and ℎ2
𝜆GBLUP

with the variable weights 𝑤EBV

and 𝑤GBLUP. These were values between 0 and 1 and 𝑤EBV +
𝑤GBLUP = 1. The weights varied in steps of 0.001 resulting

in 1001 weight combinations. We conducted a grid search for

each combination of (i) trait, (ii) GBLUP prediction scenario

(optimistic, pessimistic, and realistic), and (iii) method of cal-

culating EBVs (𝐆, 𝐀, 𝐌, 𝐶max). The accuracy of HBVs and

EBVs was assessed via correlation with the TVs.

3 RESULTS

3.1 Enhancing breeding values

We started calculating breeding values of the clones in the

true A clone environment using the identity matrix (𝐈), that

is, without exploiting information from related individuals.

The accuracies largely depended on the trait and ranged from

0.190 (shape short axis) to 0.870 (shape long axis) (Table 3).

These accuracies were strongly correlated (0.90) with the per

plot heritabilities of clones in the true A clone environment.

In the next step, we calculated EBVs by using the multi-

spectral (𝐌), genetic (𝐆), or pedigree (𝐀) relationship matrix

as the genetic variance-covariance matrix. Compared to 𝐈, a

higher accuracy was achieved for seven traits with 𝐌, 12 traits

with 𝐆, and 11 traits with 𝐀. A closer look at these rela-

tionship matrices revealed that 𝐆 and 𝐀 had similar structure

(cor(𝑮,𝑨) = 0.74), while 𝐌 showed highly different pat-

terns of similarities (cor(𝑴 ,𝑮) = 0.10; cor(𝑴 ,𝑨) = 0.11)

(Figure 1).

The mixed relationship matrix 𝐂𝐦𝐚𝐱 which was determined

via grid search for each trait achieved higher accuracy for nine

traits compared to 𝐈, 𝐌, 𝐆, or 𝐀 alone. All of these were

achieved via a two-way combination of relationship matri-

ces, three of which were through a combination of 𝐆 and

𝐀, although these were highly correlated (Figure 1). Interest-

ingly, 𝐂𝐦𝐚𝐱 never combined all three available relationship

matrices. However, the accuracy of breeding values for five

traits, namely, emergence, foliage development, shape long

axis, shape short axis, and skin type, was the same between

𝐂𝐦𝐚𝐱 and one of the individual matrices (Table 3).

For each trait and relationship matrix, we calculated the

increase in accuracy compared to the accuracy achieved with

𝐈 (Table 3), which were denoted as δ𝑴 , δ𝑮, δ𝑨, and δ𝑪𝐦𝐚𝐱
,

respectively. The highest mean increase across all traits was

achieved with EBVs calculated with mixed relationship matri-

ces (δ𝑪𝐦𝐚𝐱
= +6.2%), followed by pedigree (δ𝑨 = +3.2%),

genomic (δ𝑮 =+2.4%), and multispectral (δ𝑴 =+1.2%) rela-

tionship matrices. Correlating the 𝛿 of every trait for each

relationship matrix with the per plot heritabilities of the traits

resulted in low to very low correlations for the pedigree

(cor(δ𝑨, ℎ2plot
) = −0.06), genomic (cor(δ𝑮, ℎ2plot

) = 0.01), and

multispectral (cor(δ𝑴 , ℎ2
plot

) = 0.20) relationship matrix and

a moderately low negative correlation with the mixed rela-

tionship matrix (cor(δ𝑪𝐦𝐚𝐱
, ℎ2

plot
) = −0.31). However, after

filtering out the disease traits rhizoctonia and scab symptoms,

which were assessed in environments without artificial dis-

ease inoculation and, thus, have to be interpreted with care,

the correlations changed to −0.52, −0.15, 0.07, and −0.58,

respectively, showcasing that 𝐂𝐦𝐚𝐱, 𝐀 and, to a lesser extent,

𝐆 were able to improve the accuracy of breeding values of

less heritable traits in our case.

3.2 Holistic breeding values

In the next step, EBVs were combined with GBLUPs esti-

mated through GP to form HBVs. We started by combining

both values through a heritability index and considered three

different scenarios (optimistic, realistic, and pessimistic) to

calculate GBLUPs for this purpose. The median accuracies

of GBLUP across all traits were 0.972 for the optimistic,

0.615 for the realistic, and 0.218 for the pessimistic prediction
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8 of 17 MAGGIORELLI ET AL.

T A B L E 3 Broad-sense heritability on a per plot basis (𝐻2
plot

) and accuracy of breeding values for each trait. Breeding values were either

calculated using the identity matrix (𝐈) or by capitalizing on different relationship matrices resulting in enhanced breeding values (EBVs). EBVs

were calculated for each trait with multispectral (𝐌), genomic (𝐆), pedigree (𝐀) relationship matrices, or via a weighting of all three that resulted in

a combined relationship matrix 𝐂𝐦𝐚𝐱 which yielded the highest accuracy. Accuracy is defined as the correlation of the respective breeding values to

the true values. The latter is defined as the adjusted means across SaKa 2020 and 2021 environments. 𝑤𝑀 , 𝑤𝐺, and 𝑤𝐴 refer to the weights of the

multispectral, genetic, and pedigree relationship matrix used for 𝐂𝐦𝐚𝐱.

Trait

Relationship matrix Weight for 𝑪max

𝑯
𝟐
plot 𝑰 𝑴 𝑮 𝑨 𝑪

𝒎𝒂𝒙
𝒘

𝑴
𝒘

𝑮
𝒘

𝑨

Emergence 0.51 0.625 0.641 0.629 0.627 0.641 100 0 0

Eye depth 0.43 0.701 0.701 0.721 0.725 0.725 0 8 92

Foliage development 0.45 0.626 0.644 0.627 0.626 0.644 100 0 0

General impression 0.33 0.413 0.404 0.440 0.452 0.454 9 0 91

Maturity 0.60 0.601 0.642 0.607 0.609 0.642 97 0 3

Polyphenol oxidase activity 0.57 0.681 0.677 0.689 0.690 0.690 0 24 76

Rhizoctonia symptoms 0.49 0.713 0.712 0.702 0.701 0.716 67 0 33

Scab symptoms 0.20 0.243 0.233 0.237 0.182 0.243 0 0 0

Shape long axis 0.78 0.870 0.869 0.887 0.884 0.887 0 100 0

Shape short axis 0.12 0.190 0.200 0.204 0.256 0.256 0 0 100

Skin type 0.47 0.749 0.751 0.755 0.757 0.757 0 0 100

Starch content 0.80 0.822 0.827 0.838 0.844 0.844 2 0 98

Tuber size 0.42 0.495 0.494 0.549 0.563 0.564 0 9 91

Yield 0.50 0.583 0.611 0.594 0.595 0.612 53 0 47

scenario. We assessed for each trait and scenario, if any HBVs

achieved a higher accuracy than the corresponding GBLUPs

and EBVs. If this was the case, we referred to this trait as

an HBV max trait and computed the increase in accuracy

realized with the HBVs compared to either the GBLUP or

EBV accuracy, depending on which was higher. We found

five HBV max traits (emergence, foliage development, rhi-

zoctonia symptoms, yield, and skin type) in the realistic

prediction scenario (Figure 2). In both, the pessimistic and

optimistic prediction scenarios, HBVs were consistently less

accurate than the GBLUPs and EBVs. The gain in accuracy

was marginal for HBVs calculated through a heritability index

with a mean increase of 0.5% in the realistic scenario.

To discover the maximum potential of the accuracies of

HBVs, we considered a grid search with varying weights for

the EBVs and GBLUPs. In general, the GBLUPs were more

accurate than the EBVs in the optimistic scenario and vice

versa in the pessimistic scenario (Figure 3). The grid search

revealed a higher number of HBV max traits than the heri-

tability approach (Figure 3). In detail, the HBVs were more

accurate for 12 traits in the optimistic, eight traits in the realis-

tic, and 11 traits in the pessimistic scenario. However, the gain

in accuracy compared to GBLUPs and EBVs was marginal in

most cases. The mean increase across all traits was 0.6% in the

optimistic, 0.5% in the realistic, and 3.8% in the pessimistic

scenario (Figure 3). The highest increases were realized in the

pessimistic scenario for eye depth (+8.3%), shape short axis

(+20.5%), and polyphenol oxidase activity (+3.7%).

The optimal weight of the EBVs in the HBVs varied

depending on the considered prediction scenario. EBVs were

weighted less in the optimistic (mean weight across traits =
0.161), and more in the pessimistic prediction scenario (mean

weight across traits = 0.940). The realistic prediction sce-

nario, in which GBLUPs and EBVs were similarly accurate

(Figure 3) had a mean optimal weight of 0.821 for the EBVs.

If 𝐂𝐦𝐚𝐱 was used to calculate EBVs for HBVs, the result-

ing HBV max accuracies were always the highest possible;

however, the differences in accuracy of 𝐂𝐦𝐚𝐱 and the other

relationship matrices (𝐀, 𝐌, 𝐆, 𝐈) were small: the mean accu-

racy across traits and prediction scenarios was 0.774 for𝐂𝐦𝐚𝐱,

0.768 for 𝐀, 0.760 for 𝐌, and 0.753 for 𝐆. Notably, the real-

istic prediction scenario showed the strongest differences in

accuracy depending on the relationship matrix used for the

calculation of the EBV. Here, 𝐂𝐦𝐚𝐱 had the highest mean

accuracy with 0.662 and 𝐆 the lowest with 0.600.

4 DISCUSSION

4.1 Increasing the accuracies of breeding
values in unreplicated trials

In this study, we exploited the relationship information

assessed from four different sources (pedigree, multispectral,

genomic, or a combination) to enhance the accuracy of potato

clone breeding values from unreplicated trials. The resulting
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MAGGIORELLI ET AL. 9 of 17

F I G U R E 1 Heat maps of the three different relationship matrices used to estimate enhanced breeding values (top = multispectral [𝐌], middle

= genomic [𝐆], bottom = pedigree [𝐀]). Each heatmap is ordered according to the family structure of the germplasm whereby the clones are

arranged on the x and y axes in same order (red = high similarity, yellow = low similarity).

EBVs were correlated with the TVs to estimate accuracy.

However, the TV of a genotype is unknown in experimental

data. Thus, we correlated the EBVs with the adjusted means

that were calculated across the observations from the fol-

lowing years consisting of four environments in total. The

upside of such an approach is that EBVs can be validated

based on experimental data. The downside is that due to the

genotype × environment interaction as well as experimen-

tal error, the adjusted means show a correlation <1 to the

unknown TVs. However, we argue that the deviation from

the true accuracies is small as analysis of the number of

incorporated environments to calculate breeding values for

the checks, which are present in all 15 environments, revealed

very high accuracies even when only two environments were

considered (Figure S2) as well as diminishing further gains in

accuracy after three considered environments. Furthermore,

we observed a very high correlation (0.98) between the AEMs

across all five SaKa environments and the AEMs across all

SaKa environments except the true A clone environment.

Additionally, only a minimal gain in heritability from four to

five testing environments without replicates has been reported

in the context of the optimal design of METs for potato by

Ortiz et al. (2023). Therefore, we are confident that our proce-

dure to approximate the TV as the adjusted means across four

SaKa environments is a sufficiently reliable proxy to assess

the accuracy of breeding values.

The breeding values that were calculated for the true A

clone environment based on the identity matrix (𝐈) revealed

accuracies >0.5 for 10 out of 14 traits (Table 3). As expected,

these accuracies were highly correlated (0.9) with the per plot
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10 of 17 MAGGIORELLI ET AL.

F I G U R E 2 Accuracy of three different breeding values (genomic best linear unbiased prediction [GBLUP], holistic breeding value [HBV],

enhanced breeding value [EBVmax]) of the SaKa clones in the true A clone environment. Accuracy was defined as the correlation of the breeding

value to the true genetic value (TV), where the latter is defined as the adjusted entry mean across SaKa 2020 and 2021 environments. GBLUP were

breeding values of SaKa clones estimated with genomic prediction. EBVmax utilized a combination of spectral, genetic, and pedigree relationship

matrices together with the phenotypic records of the clones in the true A clone environment to calculate breeding values that maximized accuracy per

trait. HBV combined both breeding values via heritability index where the heritability was calculated via shrinkage parameter (𝜆). We considered

three scenarios to calculate GBLUPs which results in three different HBVs. The optimistic approach utilized adjusted entry means across all Norika

and EUROPLANT environments as well as SaKa 2020 and 2021 environments to train the GBLUP model. The realistic approach utilized adjusted

entry means across all Norika and EUROPLANT environments, as well as the true A clone environment of SaKa. Adjusted means for the pessimistic

approach were calculated only from all Norika and EUROPLANT environments.

heritabilities of the traits. The high accuracies with 𝐈 illustrate

that A clone breeding values are moderately to highly accu-

rate even in a single environment without replicated entries

or any exploitation of relationship information for most traits.

One explanation for the high accuracies of the classical BLUP

values is the high per plot heritabilities with values between

0.12 and 0.8 found in this study (Table 3). Compared to other

widely grown crops, the per plot heritability of tuber yield of

potato was particularly high (Laidig et al., 2008), which makes

selection in unreplicated trials effective (Ticona-Benavente &

Silva Filho, 2015). However, despite the already high accu-

racies that were observed for the classical BLUP calculated

based on the 𝐈 matrix, even higher accuracies were achieved

for 12 out of 14 traits through EBVs, that is, when relationship
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MAGGIORELLI ET AL. 11 of 17

F I G U R E 3 Accuracy of holistic breeding values (HBVs) depending on the weight of enhanced breeding values (EBVs). Accuracy is defined as

the correlation of the breeding value to the true genetic value (TV), where the latter is defined as the adjusted mean across SaKa 2020 and 2021

environments. HBVs were computed for each trait as a weighted combination of EBVs(right-hand side of each panel) and breeding values calculated

with genomic prediction (genomic best linear unbiased prediction [GBLUP])(left-hand side of each panel). EBVs were calculated for each trait with

multispectral (𝐌), genomic (𝐆), pedigree (𝐀) relationship matrices, or via a weighting of all three that resulted in a combined relationship matrix

𝐂𝐦𝐚𝐱 which yielded the highest accuracy. Three scenarios, were considered to calculate GBLUPs with genomic prediction while EBVs stayed the

same across all scenarios. The optimistic approach utilized adjusted entry means across all Norika and EUROPLANT environments, as well as SaKa

2020 & 2021 environments to train the GBLUP model. The realistic approach utilized adjusted entry means across all Norika and EUROPLANT

environments, as well as the true A clone environment of SaKa. Adjusted means for the pessimistic approach were calculated only from all Norika

and all EUROPLANT environments.

information in the form of a genetic, multispectral, pedigree,

or a combined relationship matrix is exploited in addition

(Table 3). Notably, the before-mentioned increase in accuracy

of EBVs versus BLUPs was higher for lowly heritable traits

like general impression and shape short axis compared to traits

of higher heritability (Table 3). The reason for this obser-

vation is that borrowing information from related clones to

improve the accuracy of a BLUP is more important for lowly

heritable traits compared to traits where a much higher pro-

portion of the differences among the clones is due to genetics,

that is, they are highly heritable. These findings illustrate the

attractiveness of using EBVs for selection in clone breeding.

The increases in accuracies realized through EBVs com-

pared to the BLUPs with the 𝐈 matrix, however, were low on

average (+6.2% with 𝐂𝐦𝐚𝐱) across all traits. This is probably

a direct reflection of the high per plot heritabilities observed

and, thus, the high quality of the true A clone environment

phenotypic data. To test this hypothesis, we simulated EBVs

of a lower per plot heritability, by adding a normally dis-

tributed error to the phenotypic observations (Table S3). We

found that the lower the heritability was, the higher the accu-

racy of EBVs compared to the BLUPs, which were calculated

based on 𝐈 (Figure S3). Simply put, the less the quality of

the phenotypic data was the more worthwhile it got to bor-

row relationship information to enhance accuracy. Since EBV

accuracies were as high or higher than the breeding val-

ues calculated with 𝐈 and since potato breeders can only

indirectly infer the heritability of the trials from replicated

checks, we recommend the use of EBVs for selection. This is

because selection based on EBVs resembles a robust method

with a high selection accuracy within the potential of the

respective trait.

Depending on the trait, the different types of relationship

information lead to different increases in accuracy compared

to the classical BLUP (Table 3). In general, the EBV accura-

cies achieved with𝐆 and𝐀were similar with mean accuracies

across all traits of 0.606 with 𝐆 and 0.608 with 𝐀. This can

partly be explained by the high correlation (0.74) of these

two relationship matrices (Figure 1). The similar accuracies

between 𝐆 and 𝐀 were surprising considering that higher

accuracies are frequently reported with 𝐆 compared to 𝐀 for

diploids (Hayes et al., 2009; Velazco et al., 2019) as well as
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autotetraploids (de Bem Oliveira et al., 2019). This is because

𝐆 describes observed rather than expected relationships, thus,

accounting for Mendelian sampling. We speculate that the

reason for the nonsignificant difference in performance of 𝐀
compared to 𝐆 in this study was due to the consideration

of genetic material related by pedigree, which did not yet

undergo strong selection. Given the similar accuracies of 𝐀
and𝐆 found in this study, the selection based on EBVs derived

from 𝐀 instead of 𝐆 seems more attractive for potato breed-

ers because of the attached costs to derive 𝐆. Only two traits,

namely shape short axis and scab symptoms deviated from

that trend in that one relationship matrix achieved a signifi-

cantly higher accuracy (>0.05) than the other. The superiority

of 𝐆 versus 𝐀 observed for the accuracy of scab symptoms

might be explained by the trait’s likely oligogenic nature that

is well explained by a only few markers (Yuan et al., 2020).

However, for the opposite trend observed for shape short axis,

we have no plausible explanation.

While 𝐀 and 𝐆 had the highest positive impact on the

accuracy of EBVs for eye depth, general impression, shape,

tuber size, and starch content, the multispectral relationship

matrix 𝐌 revealed the highest accuracies for yield and plant

developmental traits such as emergence, foliage development,

and maturity (Table 3). This is in accordance with results of

Maggiorelli et al. (2024) where the performance of spectral

profiles was compared with SNP markers in the context of

a prediction scenario and not a scenario to improve the accu-

racy of phenotyping as was examined in the current study. The

benefit of using spectral information to predict potato yield

was also recently shown by Yusuf et al. (2025). Both stud-

ies also underlined the large increase of the predictive ability

of potato yield if both, genomic and phenomic data, are cap-

italized simultaneously. However, in contrast to Maggiorelli

et al. (2024) and Yusuf et al. (2025), a combination of rela-

tionship matrices (𝐂𝐦𝐚𝐱) did not lead to a significant increase

in accuracy for yield compared to the highest performing sin-

gle relationship matrix in our study (Table 3). The reason for

this could be the aforementioned high per plot heritability of

the true A clone environment.

Comparing the similarity patterns of the relationship

matrices used to calculate EBVs (Figure 1) revealed large

differences between 𝐀 or 𝐆, and 𝐌. While 𝐀 and 𝐆 reflect

an expected and observed genetic relationship, respectively,

𝐌 is representing a relationship based on the composition

of endophenotypes in the tissue captured by the camera at

the timepoint of measurement. As such, it is not surprising

that developmental traits like maturity, emergence, and foliage

development were better predicted with 𝐌 compared to 𝐆 or

𝐀, since the differences between the clones can be observed by

eye and, thus, were captured in the multispectral data. Several

studies analyzing phenomic prediction (Galán et al., 2020;

Krause et al., 2019; Maggiorelli et al., 2024; Rincent et al.,

2018; Yusuf et al., 2025) showed that these spectral patterns

do capture genetic variance to varying degrees and, thus, can

be used to infer genetic similarities even though one can argue

that relationship information between genotypes captured in

spectral relationship matrices is not based purely on genetic

relationship. In a sense, 𝐌 adds a further layer of informa-

tion and a snapshot of the present state of the plant compared

to 𝐆 or 𝐀, since 𝐌 entails genetic similarities between the

clones after gene expression. Therefore, this extra layer of

information should especially aid in the prediction of complex

traits like shown in this study for yield which was estimated

more accurately with 𝐌 rather than 𝐆 or 𝐀 (Table 3). This

trend was also reported by Zhu et al. (2022) who showed for

triticale that NIRS-based phenomic prediction outperformed

GP for traits with a complex genetic architecture. In con-

trast, traits like eye depth and tuber size were better estimated

using 𝐆 or 𝐀 compared to 𝐌. We hypothesize that this is

because the expression of these traits is not well reflected in

the endophenotypic composition of the above-ground canopy

because these genetically less complex traits are mainly driven

by a few loci.

A possible hindrance in terms of EBV accuracy with𝐌was

that the spectral profiles in our study were not assessed in the

true A clone environment itself but due to budget restrictions

in the later years (Windeby 2020 and 2021). The litera-

ture about phenomic prediction (Krause et al., 2019; Rincent

et al., 2018) reports that while predictions across environ-

ments are feasible they can be of lower accuracy compared to

within environment predictions. This reduction of prediction

accuracy seems to be particularly strong for potato (Mag-

giorelli et al., 2024). However, these findings were reported

in the context of predictions. To test if using spectral profiles

from the environment of consideration improves breeding

value accuracy in cases where phenotypic data are available,

we calculated EBVs for Windeby 2020 (Table S4) where

multispectral profiles were directly measured. In this case,

accuracy was defined as the correlation with the adjusted

means across the other four environments including the true

A clone environment. Although the accuracies were higher

for all relationship matrices in general (given in Table 3 and

Table S4), including 𝐈, the difference in accuracy between the

use of 𝐈 and 𝐌 was similar compared to the same difference

for the true A clone environment as described above. From

this observation, we conclude that the accuracy reported in

our study for the 𝐌 approach is not underestimated by the

use of spectral data from an environment other than the true

A clone environment. In general, the accuracies observed for

the breeding values calculated based on the spectral data 𝐌
were only slightly lower across all traits than those of 𝐆 and

𝐀. Therefore, 𝐌 represents a good alternative, especially if

such information can be assessed cheap and on a large number

of clones, for example, using drones.
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4.2 Combining EBVs and GBLUPs

GP is becoming the state-of-the-art method of predictive

breeding in many crops (Wartha & Lorenz, 2021). Promis-

ing results for the utilization of GP have also been reported

for potato breeding programs (Slater et al., 2016; Stich &

Van Inghelandt, 2018; Wu et al., 2023). In breeding programs,

where GP is already applied, the breeders accumulate geno-

typic data over time, which helps to design a suitable TS for

predictions as well as to adjust the used relationship matrix.

For wheat, Michel et al. (2017) showed that breeders can cap-

italize on this accumulated genomic data not only via GP but

also by combining GBLUPs with EBVs to further increase

the accuracy of tested genotypes. In this way, relationship

information of the genotypes of interest as well as of related

genotypes is utilized. Similar to Michel et al. (2017), we com-

bined EBVs and GBLUPs into HBVs via a heritability index

but also explored the full potential of this approach for potato

via a grid search of the weights of both breeding values.

As GBLUP accuracies benefit from closely related entries

in training and test set (Habier et al., 2010; Hickey et al., 2014)

as well as frequently updated reference populations (Podlich

et al., 2004), a good solution to train the model and calcu-

late GBLUPs for this purpose in practical breeding programs

would be to use reference material from earlier cycles. How-

ever, since no pheno- and genotyped material from earlier

breeding cycles was available for our study from SaKa, we

calculated GBLUPs using the information from Norika and

EUROPLANT as references. This adds genetically unrelated

individuals in the training population which has been shown

to reduce the prediction accuracy (Clark et al., 2012; Lorenz &

Smith, 2015). Therefore, we classified this scenario as being

pessimistic. As the prediction accuracies achieved by this sce-

nario are expected to be lower than what can be realized with

a TS of a reasonable size in potato (Stich & Van Inghelandt,

2018), we also considered two more GBLUP scenarios to

investigate if accuracies can be increased using HBVs based

on different starting conditions for GP. The optimistic sce-

nario trains the model based on all environments except the

true A clone environment itself which includes the other four

SaKa environments based on the same clones. As the differ-

ence in AEMs across all five SaKa environments and across

all but the true A clone environment is marginal, the model

is close to predicting its own TS. This is also reflected by the

very high GBLUP accuracies for most traits in this predic-

tion scenario (Figures 2 and 3). Lastly, the realistic scenario,

where the true A clone environment clones are used in the TS,

is expected to be similar to a practical data situation except

that EUROPLANT and Norika material instead of additional

SaKa material were included.

For most traits, we observed no improvement in accuracy

for HBVs compared to GBLUPs or EBVs when using a her-

itability index independent of which GBLUP scenario was

considered. Furthermore, for traits where a higher accuracy

was achieved with HBVs compared to EBVs or GBLUPs, the

increase was small (0.08% –2.3 %)(Figure 2). These findings

are in contrast to what Michel et al. (2017) reported for yield

and protein content in wheat where the same heritability index

led to an increase of 18% compared to KBLUP which is simi-

lar to EBVs in our study. The explanation for this discrepancy

could be that the accuracy of phenotypic selection on grain

yield reported by Michel et al. (2017), was considerably lower

(0.21) compared to what we observed for potato tuber yield

(0.58)(Table 3). This finding is in agreement with results of

Laidig et al. (2008) who reported lower per plot heritabili-

ties for wheat than for potato. This difference in the ability

to assess genetic values in unreplicated trials accurately likely

explains the discrepancies of accuracy increases realized by

additionally considering relationship data in the estimation

of HBVs.

For none of the examined traits, we observed that the

𝐆 matrix used to calculate the EBV was selected to calcu-

late the HBVs with the highest accuracy. Instead, compared

across all prediction scenarios, we found that 𝐌 was most

beneficial for HBV accuracies for emergence, foliage devel-

opment, yield, maturity, rhizoctonia, and scab symptoms

while 𝐀 was more beneficial for HBV accuracies for eye

depth, general impression, shape long axis, shape short axis,

tuber size, polyphenol oxidase activity, skin type, and starch

content. Therefore, potato breeders could rely solely on col-

lecting spectral profiles and considering pedigree information

to enhance selection based on HBVs for the traits analyzed

in this study. Furthermore, for HBVs, we found no signifi-

cant increase in accuracy if 𝐂𝐦𝐚𝐱 was used to derive EBVs

compared to the best single relationship matrix, thus, simpli-

fying the process to derive EBVs, as only specific relationship

information is needed for specific traits.

While the heritability index to weight EBVs versus

GBLUPs resulted for very few traits in improvements for

HBVs versus EBVs/GBLUPs (Figure 2), the grid search

revealed many more combinations of trait and prediction sce-

narios in which accuracies increased by combining GBLUPs

and EBVs (Figure 3). Notably, even in the pessimistic predic-

tion scenario, accuracies were improved by combining both

breeding values for 11 out of 14 traits which shows that it

is principally possible to even use strictly unrelated breed-

ing material to derive GBLUPs which are then combined

with BLUPs to HBVs with elevated accuracy compared to

GBLUPs and EBVs alone. However, our grid search did not

reveal a clear pattern on how to arrive at the individual weights

to achieve the HBVs such that they are higher than EBVs

and GBLUPs. Therefore, despite the promising results, this

approach warrants further research before it can be used in

practical potato breeding programs.
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4.3 Perspectives on integrating predictive
breeding approaches in clone breeding

Our study showed that the accuracies of breeding values

derived for A clones from unreplicated trials can be enhanced

by exploiting relationship information in different forms

even if the collected phenotypic values are highly accurate

(Table 3). Thus, this approach can be directly implemented

in breeding programs. In addition, we also observed that (i)

the increase in accuracy correlated negatively with the per

plot heritabilities (−0.58), and (ii) spectral profiles and pedi-

gree information, which are cost-effective to obtain compared

to genotype information, were sufficient to enhance accuracy

for most traits. Therefore, selection based on EBVs calculated

with 𝐌 and 𝐀 is an effective method to ensure high accura-

cies for unreplicated clones, especially if heritability is low.

As such, we speculate that integrating relationship informa-

tion into breeding values estimation becomes more important

for situations where the number of plants per plot is low. A

logical conclusion could therefore be that selection based on

EBVs enables the possibility to reduce the number of tested

tubers per clone in the A clone stage. However, in the specific

case of potato breeding this approach is not always practi-

cal as the low propagation coefficient of potato results in the

necessity to plant every available tuber for multiplication in

the early stages.

Following that logic, the more favorable situation for the

implementation of selection based on EBVs lies prior to the

A clone stage. For potato breeding that would be the seedling

and single hill stage where a very large number of clones

is considered with only one plant each. Consequently, traits

measured in these stages are characterized by lower heritabil-

ity than in subsequent stages which is why potato breeders

usually do not put high selection pressure on assessed traits

at such an early timepoint. Borrowing relationship informa-

tion in the form of spectral profiles or pedigree data could be

a highly effective approach to counteract the low heritability

of clones in the seedling or single hill stage. However, future

research is warranted to unveil the true efficacy of selec-

tion based on EBVs at these early timepoints in the potato

breeding program.

Although the HBV grid search revealed the potential to

achieve higher breeding value accuracies compared to the

ones achieved with EBVs, the realized increases in accu-

racy were marginal (Figure 3). Therefore, selection based on

HBVs at the A clone stage can increase selection accuracy

but might only be worthwhile in situations where the nec-

essary data (i.e., relationship information from earlier cycles

and relationship information as well as phenotypic records of

the selection candidates) is already available. Analogous to

the EBVs, another interesting point of application can be to

select based on HBVs in the single hill or seedling stage for

the same reasons as mentioned earlier. However, the practi-

cal application of this idea for breeders remains a challenge.

A combination of EBVs and GBLUPs through heritability

index offers the advantage of a clear weight definition. Our

grid search did not reveal a clear path on how to arrive at

the individual weights to maximize HBVs. If these weight

configurations remain stable across traits and breeders then

they could be reused and applied repeatedly, a scenario that

warrants further research.

5 CONCLUSIONS

We integrated genomic, multispectral, and pedigree based

relationship information into the estimation of breeding val-

ues of unreplicated potato A clones and analyzed the effect

on the accuracy of these values. We found that the integration

of relationship information increases accuracy for 12 out of

14 traits whereby the margin in accuracy increase was neg-

atively correlated with the heritability of the trait. However,

the mean increase in accuracy across all traits was mod-

est ranging from 1.1% to 4.4% compared to the accuracies

achieved without incorporation of relationship information.

Furthermore, we combined EBVs and GBLUPs through a grid

search of the respective weights to form HBVs, which further

increased accuracies ranging from 0.5% to 3.8%, depending

on the TS for GBLUP. However, these increases in accuracy

with HBVs were achieved through specific weight configu-

rations. A heritability index to combine both breeding values

was not successful. We found that the different relationship

matrices were advantageous for different traits but in general,

the multispectral profiles were particularly useful for predict-

ing yield and plant development traits. Combining all three

types of relationship information led to maximum accuracies,

yet, these were not significantly higher than the best-achieving

single relationship matrix. Our findings suggest a promising

method to improve breeding value accuracies of unreplicated

clones based on easy-to-collect multispectral and pedigree

data. We see the most potential for application in early potato

breeding program stages, like the seedling or single hill stage,

where heritability of the collected phenotypic information is

typically low.
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