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Abstract

Late blight of potato (Phytophthora infestans) remains a persistent threat to global potato production. Due to the
pathogen’s ability to rapidly overcome race-specific resistance genes, modern potato breeding must focus on durable
quantitative resistance, including the use of genomic selection approaches. In this study, several genomic prediction
models for late blight resistance were evaluated, differing in their treatment of spatial effects and incorporation of
indirect genetic effects (IGEs) from neighbors. The optimal model was subsequently extended to a bivariate
formulation to derive maturity-corrected genomic breeding values, effectively removing the confounding influence
of foliage maturity on late blight resistance. Our results showed that additive genetic variance for late blight
resistance accounted for a substantial proportion of total variance (h? = 0.32+0.02) and IGEs from neighboring plots
were significant based on a standard likelihood ratio test. Although IGEs explained only a small portion of total
variances, their inclusion markedly improved model prediction accuracy. We also observed a relatively high genetic
correlation between foliage maturity and late blight score (0.56+ 0.09), indicating that late-maturing lines tend to
exhibit higher levels of durable resistance to late blight. After correcting for the confounding influence of foliage
maturity, the narrow-sense heritability of the residual breeding value remained moderate (h? = 0.26), suggesting that
meaningful genetic gain through selection is still possible. From a breeder’s perspective, selection based on total late
blight resistance could unintentionally favor late-maturing genotypes, due to the positive genetic correlation between
two traits. However, with residual breeding value, it is possible to get a response to selection for late blight
resistance without affecting foliage maturity type.

Keywords: Genomic Selection, Late Blight Resistance, Indirect Genetic Effects, Potato Breeding, Spatial Effects

Key message: Genomic selection improves the accuracy of selection for late blight resistance, and maturity-
corrected breeding values enable resistance selection without unintentionally favoring late maturity.
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Introduction

Since its emergence in the mid-19" century in the northeastern United States (Lyons 1964; Austin Bourke and M
1964; Saffer et al. 2024), late blight of potato (Phytophthora infestans) has remained a persistent challenge to global
potato production, largely because the pathogen can rapidly overcome race-specific Rpi (Resistance to Phytophthora
infestans) genes (Collins et al. 1999; Fry 2008; Blossei et al. 2022). Although over 70 Rpi genes have been
identified and mapped across potato chromosomes, their lack of durability has shifted the breeding strategy towards
quantitative resistance, which utilizes the cumulative effects of both major and minor Quantitative Trait Loci

(QTLs) to provide durable but partial protection (Fry 2008; Haverkort et al. 2016; Stefanczyk et al. 2020). In a meta-
analysis by Danan et al. (2011), 144 QTLs for late blight resistance were grouped into 24 meta-QTLs, which were
then found to be distributed across all potato chromosomes. Of these, 25 % were associated with Resistance Gene
Analogues (RGA), while 50% overlapped with regions previously identified as Durable Resistance Loci (DRLs).
Genomic Selection (GS) effectively leverages these numerous minor-effects genes (DRLs) that individually might
confer a low level of resistance but, when combined, contribute to more stable and long-lasting resistance (McGee et
al. 2025).

Originally developed in context of animal breeding, GS quickly found its way into crop breeding and has become a
state-of-the-art method for selection (for a review see Jannink et al. 2010). As such, GS has now been established in
potato breeding, and has shown promising results for yield, disease resistance and quality traits (Slater et al. 2016;
Stich and Van Inghelandt 2018; Endelman et al. 2018; Yusuf et al. 2024). In a GS program, breeders use field trial
data, in combination with genomic information, to obtain unbiased estimates of genomic breeding values for
candidate lines. Spatial and neighboring effects are common in such breeding trials, which if unaccounted for can
lead to biases in estimation. While traditional row-column models are standard for spatial correction, their
effectiveness is reduced in larger or irregular field designs. As an alternative, the random moving-mean model,
which assumes random effects of surrounding plots on a target plot within a predefined grid in a field could offer a
solution (Xu et al. 2022). Further, practical constraints in breeding trials, often restrict a fully randomized field
layout; for instance, closely related lines (family lines) or lines targeting the same markets are frequently planted in
proximity. Such an arrangement can introduce bias in estimation of breeding values (e.g., areas planted with
susceptible family lines might experience higher inoculum load potentially biasing the estimation of direct genetic
effects (Pélissier et al. 2023). These kinds of effects are referred to as Indirect Genetic Effects (IGEs), which
describe the influence of an individual’s genotype in modifying the phenotype of neighboring plants. Such effects
have been documented in work of Bijma (2014); Frank (2007) and Muir (2005). While IGEs have been explored in
the context of general disease susceptibility (Pélissier et al. 2023), their specific importance for genomic prediction
of disease resistance remains uninvestigated.

Further complication in the genetic analysis of late blight resistance lies in the association of durable late blight
resistance with foliage maturity. It has been observed that late-maturing lines tend to exhibit higher levels of
resistance (Umaerus 1959; Collins et al. 1999; Oberhagemann et al. 1999; Visker et al. 2004). Both physiological
and genetic causes have been proposed in different studies. Physiologically, a short photoperiod has been proposed
to link early foliage maturity and late blight susceptibility (Umaerus 1959; Visker et al. 2004). Genetically, the
association could be attributed to pleiotropic effects or tight linkage between loci controlling foliage maturity and
late blight resistance (Collins et al. 1999; Oberhagemann et al. 1999; Visker et al. 2004; Bormann et al. 2004;

Sliwka et al. 2007). Because late maturity is not a desirable trait in many potato breeding programs, separating
maturity effects from true resistance remains a critical challenge. Several studies have corrected late blight scores for
maturity at a phenotypic level (Bormann et al. 2004, Xue et al. 2019), but addressing it at a genetic level could better
disentangle late blight resistance from the confounding influence of maturity.

The objective of this study is twofold: (1) to estimate genetic parameters for late blight resistance and identify an
optimal genomic prediction model by evaluating a random moving-mean approach combined with IGEs from
neighbors and comparing its performance with the standard row—column method for field-trial correction; and (2), to
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use the optimal model identified above to derive maturity-corrected genomic breeding values for late blight
resistance by removing the confounding influence of foliage maturity.

Materials and Methods

Plant Material and Experimentation

Phenotypic and genomic information for lines tested in this study was provided by Danespo A/S. These lines were
developed and are maintained by Danespo A/S as part of their standard breeding program. Lines included in this
study are being developed for 13 different market segments, which broadly represent four primary end-use
categories (starch, table, fries, and crisp). A complete list of these market segments is provided in supplementary

table S2. In this paper, the terms “clones”, “varieties” and “lines” are used interchangeably to refer to genetically
unique individuals.

The late blight trials were conducted in Give, Denmark, over a three-year period from 2022 to 2024. The field
design remained largely consistent over the three years of testing, with only minor adjustments. Each year, the entire
field was divided into large blocks (lanes), each consisting of 18 testing rows. The total number of blocks (lanes)
varied annually, depending on the number of genotypes under evaluation and the number of replicates included in
the field trials (see Table 1). The row-to-row distance was maintained at 75 cm, while the plant-to-plant distance was
kept at 33 cm. The distance between plots was maintained at 99 cm in the year 2022 and 2023, and this was
increased to 132 cm in 2024. Each plot consisted of plants grown from three different tubers of a line. Generally, the
number of replicates per genotype varied by testing generation, with early-generation lines generally having fewer
replicates. Agronomic management included fertilization at a rate of 120 kg N/ha and standard pre-planting weed
management. Additionally, mechanical weed control was carried out in the 2024 growth season.

Table 1 Description of the field design and lines evaluated in late blight trials conducted during 2022-2024.

2024 2023 2022 Total
Records 4000 2970 3078 10048
Lines tested 1212 975 1717 3197
Blocks (lanes) 3 2 2 7
Rows/block 18 18 18 54
Columns/block 84 110 86 280

The entire perimeter of the field was planted with susceptible spreader lines. Moreover, spreader rows were
introduced after every two test rows throughout the field, with the first and last row of each block (lane) also
designated as spreader rows (see supplemental Figure S1). Similarly, within each row, the first and last plots were
planted with spreader plants. Each spreader row was cultivated with one Bintje cultivar tuber and two tubers of other
susceptible cultivars from the Danespo A/S planting materials to promote infection. Spreader rows were inoculated
with a spore suspension of Phytophthora infestans. A detailed description of the disease inoculation and infection
procedures is provided in (Aalborg et al. 2025b). No preventive late blight treatments were applied in the 2023 and
2024 field trials. However, in the 2022 growing season, preventive treatment was applied from the time of sprouting
until inoculation of the pathogen.

Phenotypic data collection

To obtain disease score measurements, drone-based field imaging (Mavic 2-Enterprise Advanced- 4§MP RGB
camera system) was conducted on 4 to 6 flight missions across each growing season. Typically, the first drone flight
mission was initiated a specific days after inoculation, depending upon progression of infection (i.e. when
approximately 50% of the plants exhibited visible symptoms of late blight) and prevailing weather conditions (see
Table S1). To ensure that the infection was due to late blight and not early blight, manual inspection was carried out
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before the first drone flight attempt. Flights were conducted at a maximal wind speed of 10.5 m/s, with the drone
flying at a height of 20 meters.

Captured raw images were processed via Phenoyard AB (2023), Lund, Sweden, which provided a quantitative
assessment of late blight severity for each plot. Disease severity was estimated by analyzing leaf chlorophyll
content, which differs between healthy and infected plants, using variations in reflectance within the visible
spectrum (Gitelson, Gritz, and Merzlyak, 2003). Each plot was assigned a disease score from 1 (most susceptible) to
9 (highly resistance), according to the internal disease scoring protocol developed by Danespo A/S. Repeated disease
score measurements from flight missions was then used to estimate Area Under the Disease Progress Curve
(AUDPC), following the approach defined in Jeger & Viljanen-Rollinson (2001) and Shaner (1977).

Foliage maturity data were obtained from routine breeding trials, rather than from disease trials, as the presence of
late blight symptoms can interfere with reliable assessment of foliage maturity. Foliage maturity was scored in the
field manually using a 1-9 scale, where 9 indicates advanced senescence (i.c early dying off). Assessments were
conducted at three time points during the growing season and the scale is split accordingly. During the first
assessment, which was conducted when few clones start dying off, the upper end of scales (score 9, 8, and 7) were
used. The second assessment occurred once a larger proportion of clones had progressed into later stage of
senescence, at which point middle portion of the scale (scores 6, 5, and 4) were used. A final assessment was carried
out later in the season to capture the most delayed clones, and the lower end of the scale (scores 3,2, and 1) was
applied. Clones exhibiting no signs of senescence at the third assessment were assigned a score of 1. The time
between each assessment was approximately 3 days.

Genomic and pedigree information

Genotyping of the clones used in this study was carried out using a custom 20k Affymetrix chip by the French-based
company Florimond Desprez, Chapelle-en-Pévéle. The clones were genotyped using 22,224 biallelic SNP positions
anchored in the potato DM v 6.1 reference genome. After following filtering based on Thermo Fischer’s guidelines,
a total of 9,426 SNPs were retained that had a high-quality genotype. Monomorphic SNPs were removed, and
biallelic SNPs were kept using a missing data rate of < 50 % and a Minor Allele Frequency (MAF) of > 1 %,
generating a final set of 8,731 SNPs. Imputation of the missing SNP data was carried out using a random forest
approach with 50 trees in the missRanger R package (v2.6.1). Details of the genotyping workflow and protocols can
be found in Aalborg et al. (2025).

The total size of the pedigree records available included 85,481 lines. Custom R code was used to trace the pedigree
for the lines under study (3,197). More details on the completeness of the pedigree can be obtained from Yousaf et
al. (2025).

Adjustment for heterogeneity of variance

In multi-environmental trials, components of variance (additive genetic and residual variance) often vary across
different test environments, and that ignoring this heterogeneity can bias predictions. As such, a flexible approach is
to treat the performance in each environment as a separate trait and run a multivariate model. In such models, higher
genetic correlation between different test environments means that genotype x environment (GE) interactions result
in varying the absolute difference between evaluations of candidates, whereas in the case of lower genetic
correlation, there might be changes in ranking of genotypes across environments. Unlike heterogeneity of genetic
variance which requires running a multivariate analysis, we can account for heterogeneity of residual variance with
constant additive genetic variance by running a generalized linear mixed model. However, if the heterogeneity of
variance occurs across all the tested parameters (heterogeneity on a phenotypic level), variance stabilization across
all tested environments could be appropriate to ensure that individuals are compared on the same scale.

In our study, an initial univariate model of three years’ data revealed violations of the homogeneity of residuals
assumptions. Subsequently, a multi-environmental (ME) trivariate model was fitted, where late blight score



197
198
199
200
201
202
203
204
205
206
207

208

209
210
211
212

213
214
215
216
217
218
219

220
221
222
223
224
225

226
227
228

229
230
231
232
233

234
235
236
237
238

measured at different years of testing were parameterized as independent traits. Within this ME framework, residual
covariances across years were constrained to zero, because the residuals in different years are independent. The ME
model yielded genetic correlations of 0.76-0.87 across different years of testing, indicating minimal re-ranking of
individuals. However, the heterogeneity affected all variance parameters in the model, i.e. the heterogeneity was
basically on the phenotypic level. Given that variance components for all tested random effects varied substantially
across years of testing, we implemented a variance stabilizing transformation. This approach scaled the phenotypic
records from each environment to a common phenotypic variance, using variances of year 2022 as the reference
environment. As detailed in the supplementary file (‘Section: Heterogeneity of variance”), this transformation is
predicated on two key assumptions: first, that genetic correlations between environments are high (little re-ranking
between environments), and second, that heritability remains constant across years even as individual variance
components differ.

Statistical models

The dataset used in this study comprised 3,197 potato lines, for which pedigree information was available. However,
SNP marker data were available for 1,897 lines only. This study was conducted in two stages, which comprised (1)
identification of an optimal genomic prediction model for late blight resistance, and (2) estimation of residual
breeding value for late blight resistance after adjustment for foliage maturity.

To identify the most appropriate model for late blight resistance, we compared three alternative approaches, (1)
conventional Row-Column Model, which accounted for spatial variation in field trials using row, column and block
effects (we refer to this as ‘RC”), (2) Random Moving mean Model (referred to as ‘RMMM”), that accounted for
spatial effects by incorporating the surrounding plots of a target plot directly as a random effect during model
specification. The idea is that in the absence of spatial gradients, the local mean around a target plot should
approximate zero, whereas systematic deviations would indicate localized environmental variation. The third model
extended the RMMM by inclusion of IGEs from the neighbors, we referred to this model as ‘RMMM + IGE”.

Fixed effects included year and market segment (groups), and all the random effects described below were
significant based on standard likelihood ratio tests. Across all three models, the direct genetic component was
partitioned into additive and non-additive (specific combining ability; sca) effects. The environmental component
included spatial effects and residuals. Genotype-by-year (GxY) interactions were modeled for additive genetic
components. However, the three approaches differ primarily in the way spatial variation was modeled in field trials
and in the extended model (RMMM+IGESs), in the incorporation of IGEs.

Following the variance stabilization procedure, a univariate model was fitted on the variance stabilized phenotypic
data, for subsequent analysis. Model specifications are given as follows;
Row column model (‘RC”):

Y =XB+Z1g+Z,(gy)g+ Zssca+Zyb+Zsr+Zoc+ e (1)
Random Moving Mean Model (‘RMMM”):

V' =XB+Z19+2Zy(gy)g+ Z3sca+3y_Zis+ e 2)
Random Moving Mean Model + Indirect Genetic Effects (‘RMMM+IGE’):

V' =XB+Zig+2Z(gy)g+ Z3sca+ Y] Zis+ Y Zing + e (3)

Where, y*, X, B are vectors for adjusted AUDPC, design matrix for fixed effects, and fixed effects respectively. g,
(8y)g sca, b, r, ¢, s,ngand e represents vectors of direct additive genetic effects, additive component of GxY
interaction, specific combining ability for parental combinations, row, block and column effects (RC model), spatial
effects (RMMM model), IGEs of neighbor lines and residvals. Za, Z2, Z3, Z4, Zs, Zs, Zi, Z; are the corresponding
conformable design matrix allocating phenotypic records to g, (gy)g, sca, b,r,c,s, and ngrespectively.
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For the above random terms, variance are distributed as g ~ N(0, Aﬁé), gys~ N (0, Agycygyg),
sca ~N (0,I0%.),s~N (0,162),b~N (0,I6),r~N (0,I6%), c~N (0,I6%),and e ~N(0, I62). For RMM+IGEs,

direct additive effects and indirect genetic effects follow a multivariate normal with [;:; ] ~MVN (0, AQG, ),
g

2
Og cg_ng]

where G, =
o=l

Gg.ng g

A is the numerator relationship matrix (NRM). Ay is derived from the same (co)variance structure as the A matrix
but is specifically used to model genetic relationships between lines within each year of testing, as mentioned in

Azo022 0 0
(OrtlZ et al. 2022) Agy = 0 A2023 0 (See flg SZ)
0 0 AZOZ4

Since heritability and variance component estimates obtained using H-matrix (single-step analysis combining
pedigree and genomic information) could be biased due to selective genotyping (Wang et al. 2020). Variance
components and thus heritability estimates were obtained from a pedigree-based Numerator Relationship Matrix (A)
matrix. Model above used ‘A’, so-called ABLUP, for estimating variance components. The estimated parameters
from ABLUP model were subsequently used within the HBLUP framework for genomic prediction, where NRM
matrix was replaced by the H matrix. NRM was constructed following Kerr et al. (2012). The Genomic Relationship
Matrix (GRM) was computed using the formulation originally proposed for diploids by VanRaden (VanRaden,
2008), and subsequently adapted for polyploid in Ashraf et al. (2016). For single-step analyses, we followed an
approach described by Martini et al. (2018). All of these implementations were carried out using the “AGHmatrix
(v2.1.4)” R package (Amadeu et al. 2023).

Multi trait model (MT): The RMMM+ IGEs model was extended to MT model, by considering late blight and
foliage maturity in a bivariate analysis.

A e 1 ol A L e R FA LR

o gt Pma ) o

Where, y; and y, are records for variance adjusted AUDPC and foliage maturity respectively. The terms

B, X1,81,5¢a, (8Y)g,, Ng,, €1 follows the definitions provided in Eq. (3), while B,, X3, 82, (8Y)g,, and e, denotes
the equivalent component for foliage maturity. Unique to foliage maturity, 1 and (gy); represent the non-additive
line effects and line component of GXY interaction.

81
For above random terms, variance are distributed as [ngll ~MVN (0, AQG, ), where G, =
82

2
031 cjg1-ng1 Gg1-gz

Ogyng, 0r21g1 Og,ng, | » 8Yg,~ N (0, Agylcéygl), sca ~N (0,10%,), s~N (0,162),1~N (0, I7), gy,,~ N (0,

2
Ggi-gz ng-ngl ng

Agy,0%y,,)> 81 ~N (0,103, ), €1 ~N(0, 10, ) and e, ~N(0,103,).

8Yy2

It should be noted that foliage maturity and late blight scores were recorded from different field trials. Therefore,
due to statistical independence, it is assumed that their error variance does not share any covariance; the same
assumption also applied to genotype-by-year (GxY) interactions.
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Residual breeding value for late blight conditional on the foliage maturity were obtained as in (Strathe et al. 2014):
g1 g2 .

9re = 91— b. g;; where, b = ; where, 8. is the residual breeding value for late blight; g4 is the breeding

%2
value for late blight, g,is the breeding value for foliage maturity and b is the genetic regression of foliage maturity

on late blight score.

Variance components and heritability

The estimation of variance component was carried out using the Average-Information Restricted Maximum
Likelihood method (AI-REML), as implemented in the DMU software package (Madsen et al. 2014). Total variance
(02) is estimated using ABLUP as o7 = GoZ + cr(zgy)g + 0% + 05 + 02 + 02 + 02 (RC); 0} = Gag + 0l +
0%q + 90 + 02 RMMM); 07 = GoZ + 0l + 0%q + 902 +8Ga3, + 02 (RMMMH+IGESs).

Where, G is the average of diagonal values in the relationship matrix and reflects the average level of inbreeding

among the tested lines. O'g, c(gy) , 02, cs,cng,ob,cﬁ,oz and 02 represents additive genetic variance, genetic

components of GXY variance, specific combining ability variance, spatial variance (RMMM), IGEs of neighbor
variance, block, row and column variance (RC model), and residual variance. 5? is the spatial variance due to the
effect of a single surrounding plot on to target plot, and since each target plot is influenced by eight neighbors and
itself, the total spatial component is approximated as 98?. Similarly, 0/2\ng captures the indirect effects from a single
neighboring line. As with the spatial effects, the total variance due to IGEs of neighbors is calculated as the sum of

the contribution from the eight neighbors (8G OT,%\g )-

In the MT model, the total phenotyplc variance for late blight was estimated as 55 =G 02 + +a(2gy)g1 + 0/52;1 +

90‘5 + 80ng + ael, where, 6%, G(gy)g Gsca s Gs , 012131 ,and Gél are same as defined above. To estimate the
variance of the residual breedlng value for late blight conditional on foliage maturity, the additive genetic variance

o~ -1
2 _ 2 . 2 . . . . .
of late blight was adjusted as: =Gog 1 ag,. gz (ng) 0y,.g, sWhere, 05 | is additive genetic variance of

1| 92
late blight conditional on foliage maturity, o and 0 , are the additive genetic variance for late blight resistance and

foliage maturity, o, o, is genetic covariance between the two traits.

For all the studied models, narrow (717) and broad(ItIKZ) sense heritability was estimated as:

—  Gao2 —  Gol+oZg ) . e T . —
h? = —=land H? = —=>= respectively. Narrow sense design heritability (hZ ) was estimated as hZ_ =
Uy Uy
Go2 - Go2 .
————— (RO),h} = ] (RMMM) , and hZ_=
-2, 2@Ng = o} o of o € Gog+ c
g7 N TUSC@TnpTnp np o n R
2+%+a§ca+ 902 +%
7
— — (RMMM-IGE and LB+SEN).
_ a? 8Go 52
Go? (gy)g+asca+ 902+ —9In, %

n

For obtaining design heritability for residual breeding value of late blight, the same equation as in LB+SEN was
used; however, the genetic variance (Eg ) was replaced by the additive genetic variance of late blight conditional on

foliage maturity (0g1| £2):

N represents the number of years of testing (3), n represents the average number of replications per genotype (3.14),
and np represents the average number of replications per block (/.4).
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Cross validation and prediction accuracy

The BLUESs and variance components were estimated using the full set of phenotypic data. The BLUE estimates for
the fixed effects in the models were used to correct individual plot observations, and then the line average (y,.) was
computed after correction for these fixed effects. All models were evaluated using a leave-one-line-out (LOO) cross-
validation scheme. In this scheme, the phenotype of a single clone was removed, and the remaining clones served as
the training set to predict the masked line’s breeding value based on a defined relationship matrix (HBLUP). This
process was repeated for all clones, providing a prediction for each line. The prediction accuracy was assessed using
Pearson’s correlation, calculated between the corrected line averages and the predicted breeding value. This
correlation was then scaled by the square root of the design heritability. The scaling provides an estimate of the
correlation between the estimated breeding value (EBV) and the underlying true breeding values for lines, when
evaluated without their own phenotypic records (Legarra et al. 2008).

For Row Column model, RMMM, and RMMM + IGEs accuracy was obtained as cor(y,, )/ ch , whereas, for
MT model, prediction accuracy for breeding value of late blight was estimated as cor(V;., 81)/ h/%;-,c ; and accuracy

for residual breeding value of late blight score as cor(¥;¢, 8re)/ fhfe}-,c. Moreover, the regression coefficient of y. on

g was estimated to obtain the inflation of GEBVs.

Results

Phenotypic description

Descriptive statistics for AUDPC are presented in Fig. 1. A total of 10,048 plot observations with 3,197 unique lines
were evaluated for AUDPC across three years of testing. The mean AUDPC was observed to be 65.832 +42.12,
with the highest average AUDPC recorded in 2023 (108.50 + 46.7), followed by 2022 (53.48 £ 19.40) and 2024
(43.61 £24.10).

Market segments (groups) were defined based on the intended end use of potato lines, including but not limited to
starch, table, fries and crisp potatoes. The highest AUDPC was obtained in group 1 (87.90 + 42.3), followed by
group 8 (84.79 +47.10), while the lowest AUDPC was observed in group 5 (34.00 + 28.600) and group 2 (40.66 £
37.50). The coefficient of variation ranged from 15.76% to 81.68% for AUDPC by group, indicating substantial
variability in disease progression across market segments. Early maturing varieties are generally more susceptible to
late blight and, therefore, tend to exhibit higher AUDPC values. Detailed information on AUDPC and Variance-
stabilized AUDPC by year and market segment is provided in Table S2 and S3.
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330
331 Fig. 1 Density plots showing the distribution of AUDPC values across testing years and market segments

332 Furthermore, the descriptive statistics for foliage maturity are presented in Supplementary Table S4 and S5. A total
333 of 13,106 records collected over six years were evaluated for foliage maturity. The mean foliage maturity scores
334  were 6.40 = 1.21. Foliage maturity varied more across market segments (coefficient of variation:11-29%) than
335  across years of testing (coefficient of variation:14-22%).

336  (Co)variance components

337  The variance components estimated from the variance-adjusted AUDPC dataset for all tested models are

338 summarized in Figure 2 with details provided in supplementary table S6 and S7. Across different model

339 specifications, the proportion of additive genetic variance ranged from 30% to 34% of the total phenotypic variance.
340 While the total phenotypic variance remained comparable between tested models, notable differences were observed
341 in partitioning of variance components across models.

342 In the RC model, the additive genetic variance accounted for 30.16% of the total phenotypic variance. The spatial
343 variance, estimated as the sum of block, row and column effects, explained 17.29 % of the total variance. Notably,
344 column variance (8.55% of total phenotypic variance) exceeded the row variance (3.85% of total phenotypic

345 variance), likely reflecting the greater length of columns relative to rows in the experimental layout. In this model,
346 the residual error variance accounted for a relatively large proportion (34.17%) of the total phenotypic variance.

347 In the RMMM model, the additive genetic variance explained 32.40 % of the total phenotypic variance. Compared
348 with the RC model, modeling spatial heterogeneity using a random moving mean increased the proportion of

349 variance attributed to spatial effects by 10.91%, with a corresponding reduction in residual variance by 14.53%
350 (Table S6). This indicates that the RMMM model more effectively captured within-field spatial heterogeneity that
351 was not accounted for by the RC model. The remaining variance components were comparable to those estimated
352  under the RC model.
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In the RMMM+IGE model, indirect genetic effects (IGEs) from the neighboring plots were incorporated. These

IGEs were found to be statistically significant based on the standard likelihood ratio test (3 = 55.0,df = 2).

However, the proportion of variance explained by IGEs from neighboring plots was relatively small (1.73% of the

total variance). The additive genetic effects explained 34.02% of the total phenotypic variance. Further, the genetic
correlation between the direct additive genetic effects of the target line with the IGEs from the neighboring

genotypes was estimated at 0.62 + 0.12. The remaining variance components were comparable to those estimated
under the RMMM model.
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Fig. 2 Estimated variance components for variance adjusted AUDPC of late blight of potato under different models.g
is additive genetic effect, gy(g) is genomic components of GXY interaction effect, s is spatial effects, n is IGEs from
neighbor plots, sca is the specific combining ability, e is the residual effects, b is the block effect, r is the row effects
and c is the column effect respectively. h? represents the narrow sense heritability estimates of the models (RC: Row-
Column Model; RMMM: Random Moving Mean Model; RMMM+IGE: Random Moving Mean Model + Indirect
genetic Effect Model, LB+SEN: Bivariate model)

In the LB+SEN (bivariate) model, variance components for late blight were comparable to those obtained from the
RMMM-+IGE model, as similar partitioning of variance components was expected. However, deriving the residual
breeding value to remove genetic effects shared with foliage maturity reduced the additive genetic variance for late
blight. Consequently, the additive genetic variance specific to late blight resistance decreased from 34.21%
(LB+SEN) to 26.17% (Res_LB+SEN) of the total phenotypic variance.

For foliage maturity, a detailed summary of variance components is provided in Table 2. The additive genetic

variance accounted for 8.6 % of the total phenotypic variance. The estimated genetic correlation between foliage
maturity and late blight score was 0.56 % 0.09, indicating that late-maturing lines tend to exhibit higher levels of

durable resistance to late blight.
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Table 2 Description of the estimated variance components for foliage maturity.

Trait O"Zg 0'12 o-%gy)g o-ezzrror
Maturity 0.1240.048 0.2240.028 0.1940.025 0.83+0.012 1.39
(8.6%) (15.8%) (13.67%) (60.71%)

(The number in the parenthesis represents contribution of each variance components to total variance)

Heritability

Three types of heritability estimates were calculated in this study: narrow-sense heritability, broad-sense heritability

and narrow-sense design heritability. Estimates of different heritability measures for late blight resistance and

foliage maturity are given in Table 3.

Table 3 Comparison of heritability estimates for late blight resistance and foliage maturity in potato across different

models.
Model h? H? hZ
Late blight
RC 0.30+0.02 0.39+0.02 0.45+0.03
RMMM 0.32+0.02 0.41+0.02 0.41£0.02
RMMM+IGE 0.34+0.02 0.41+0.02 0.44+0.02
LB+SEN 0.3440.01 0.41+0.02 0.44+0.02
Res LB+SEN 0.26+0.01 0.34+0.02 0.35+0.02
Foliage maturity
LB+SEN 0.09+0.02 0.2440.01 -

The narrow sense heritability of late blight ranged from 0.30-0.34, with no statistically significant difference among
the tested models. Narrow sense heritability for late blight shows moderate additive genetic control. In contrast, the

heritability of foliage maturity was substantially lower (0.09), suggesting higher environmental and non-additive

genetic variation.

Genomic prediction and cross-validation

Cross-validation of the models was performed using a leave-one-line-out cross-validation. This cross-validation
scheme simulates a realistic breeding scenario by assessing how accurately the model can predict the phenotypic

value of a line that is missing from a field trial for any reason, including new crosses that are genotyped but not yet

tested. The correlation between genomic estimated breeding values and line mean corrected for fixed effects, along

with the accuracy of prediction obtained from different models is presented in Figure 3. The results show notable

differences in prediction performance between different models.
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Fig. 3 Accuracy of prediction for different models. The orange bars represent the correlation between line mean
corrected for fixed effects, and the GEBVs. The green bar indicates prediction accuracy after scaling the correlation
by the square root of heritability (RC: Row-Column Model; RMMM: Random Moving Mean Model; RMMM+IGE:
Random Moving Mean Model + Indirect genetic Effect Model, LB+SEN: Bivariate model)

The highest prediction accuracy was observed for LB+SEN model (0.92), followed by RMMM-+IGE (0.90),
RMMM (0.89) and RC (0.83) model respectively. Considering IGEs in the RMMM+IGE model improved the
prediction performance (0.60) of direct genetic effects (GEBVs) as compared to that of RMMM (0.57) and RC
model (0.56). In contrast, only a marginal improvement in correlation was observed for the bivariate LB+SEN
model (0.61) relative to the univariate LB model (RMMM+IGE; 0.60), indicating limited benefit from the bivariate
formulation in this case.

Prediction accuracy for residual breeding values (0.86) of late blight resistance was markedly reduced relative to that
of LB+SEN (0.92). This decrease reflects the removal of genetic information of late blight resistance that is
explained by foliage maturity. Furthermore, across all models tested, a marked difference in prediction accuracy was
observed between genotyped and non-genotyped lines, as shown in Table 4. As expected, prediction accuracy for
genotyped lines was 0.17 to 0.23 points higher than that for non-genotyped lines, reflecting the added value of
genomic information in improving prediction performance.

Table 4 Correlation between line mean corrected for fixed effects, and GEBVs, and the accuracy of prediction for
genotyped and non-genotyped lines along with inflation of the GEBVs.

Models Genotyped Non-Genotyped
Correlation Accuracy Inflation  Correlation Accuracy Inflation
RC 0.61 0.90 1.16 0.38 0.57 1.22
RMMM 0.62 0.97 1.14 0.40 0.62 1.28
RMMM+IGE 0.63 0.95 1.16 0.46 0.69 1.40

13



415

416
417
418
419
420
421

422

423
424
425
426
427
428
429
430
431
432

433

434
435
436

LB+SEN 0.63 0.95 1.15 0.46 0.70 1.38
Res LB+SEN 0.56 0.94 1.40 0.36 0.61 1.45

As shown in the Fig. 4A, a strong genetic correlation was observed between the GEBVs for late blight resistance
and foliage maturity, indicating that these two traits are genetically associated. To account for this relationship, late
blight breeding values were corrected based on the genetic regression of late blight score on foliage maturity. After
correction, the residual late blight breeding value showed little association with foliage maturity (Fig. 4B). This
correction can be interpreted as a maturity-dependent shrinkage of the late blight breeding values, with the
magnitude of the correction increasing with the genetic contribution of foliage maturity.

(g}
o

Residual GEBV

LB_GEBV-Residual_GEBV
o

-30
-20
10°
0
10
20

Fig. 4 A. Scatter plot showing relationship between GEBVs for late blight and foliage maturity (higher values
contribute towards susceptibility and early maturity). B. Scatter plot of the residual breeding values for late blight
and GEBV:s for foliage maturity. C. Scatter plot of residual GEBV versus total GEBYV for late blight. For a given level
of late blight GEBY, lines with higher maturity GEBV (earlier maturity) tend to have lower residual GEBYV (indicating
greater resistance), whereas lines with lower maturity GEBV (later maturity) tend to have higher residual GEBV
(indicating greater susceptibility). D. Relationship between shrinkage (difference between late blight GEBV and
residual breeding value) and late blight GEBV. For lines with higher LB_GEBYV (more susceptible), the applied
shrinkage reduces the residual breeding value (making them more resistance); this shrinkage is proportional to
maturity GEBV. Similarly, for lines with lower LB_GEBYV (more resistant), the shrinkage increases the residual
breeding value (making them susceptible) and this shrinkage is also proportional to maturity GEBV.

Discussion

This study aimed to estimate breeding values for late blight resistance in tetraploid potato. First, we compared
various genomic prediction models for late blight resistance that differed in their treatment of spatial heterogeneity
and Indirect Genetic Effects (IGEs) in order to identify the best performing one. Second, we derived maturity-

14



437
438

439
440
441
442
443
444
445
446
447
448
449
450
451
452

453
454
455
456
457
458
459
460

461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477

478
479
480
481
482

corrected breeding values for late blight resistance by removing the confounding genetic influence of foliage
maturity.

Spatial variation accounted for a substantial proportion of the total variation (17-32 %) across all the models tested.
The RMMM (Random Moving Mean) model was more effective in capturing the spatial trends in the field
compared to the RC (Row-Column) model. The RMMM approach is conceptually similar to the moving-means as a
covariate model given by Lado et al. (2013), where the phenotype value of a target plot is first regressed on
surrounding plots, and the estimated spatial effects are then corrected for before genomic prediction is carried out.
However, this approach involves regression on a function of the data in the model, that tend to lead towards
downward biases in variance estimates (Guo et al. 2020). Several other approaches have also been proposed to
account for spatial variation in field trials, including autoregressive models (Gilmour et al. 1997), moving-means as
a covariate (Lado et al. 2013), Bayesian framework (Selle et al. 2019) and smoothing approaches (Verbyla et al.
1999; Rodriguez-Alvarez et al. 2018). However, a comparison of all available methods is beyond the scope of this
study. The primary motivation for using the RMMM approach was that, in its absence, IGEs may inadvertently
capture spatial trends rather than genetic interaction (results not presented here). Therefore, the combined RMMM +
IGE (Random Moving Mean with IGEs) model was implemented to better separate spatial variation from IGEs and
obtain more reliable estimates.

In the present study, additive genetic variance for late blight resistance accounted for a substantial proportion (30-
34%) of the total phenotypic variance. The narrow-sense plot heritability was estimated at 0.41-0.45, indicating
moderate to moderately high heritability. Heritability estimates for late blight resistance reported in the literature
vary widely, ranging from approximately 0.31 to 0.86. For example, moderate heritability estimates have been
reported by Enciso-Rodriguez et al. (2018;0.29), Solano et al. (2014;0.53—0.58), and Romé et al. (2026;0.63). In
contrast, substantially higher estimates have been observed in other studies, including 0.77 (Stich and Van
Inghelandt 2018), 0.78-0.79 (Haynes and Christ 1999) and 0.75-0.86 (Sood et al. 2023). The difference in estimates
of heritability likely reflects differences in the metrics (plot versus design heritability) used to report them.

IGEs from neighboring plots were statistically significant based on a likelihood ratio test in the RMMM+IGE model
(%> = 55.0,df = 2). The genetic correlation between direct additive genetic effects and IGEs was estimated at 0.62
+ 0.12, indicating a moderately strong positive association. This suggests a synergistic relationship; genotypes with
higher susceptibility also tend to exacerbate disease pressure on neighboring plots and vice versa. These findings
align with the work of Andrivon et al. (2003) and Connolly et al. (1995), who observed that resistant individuals in
heterogenous cropping systems or a varietal mixtures, contributed towards overall disease suppression. While IGEs
have been extensively studied in interspecific systems, recent experimental work by Pélissier, Buendia, et al. (2021);
Pélissier et al. (2023) demonstrates that these effects also occur within intraspecific mixtures, where the genetic
identity of a neighboring lines modulates the disease susceptibility of a focal line -a phenomenon they termed as
neighbor modulated susceptibility (NMS). Biologically, IGEs could be explained beyond simple pathogen
propagation, including direct signaling between genotypes (chemical or physical signals), modulation of the shared
microbiome, changes in resource availability, and neighbor-state dependency (wounded or infection) (for more
details, see Pélissier, Buendia, et al. 2021; Pélissier, Violle, et al. 2021). Furthermore, Pélissier et al. (2023)
identified specific lines in intraspecific mixtures that consistently increased or reduced susceptibility in neighboring
plants. Similarly, breeding values for IGEs derived from genomic prediction model could be used to identify
genotypes that suppress disease spread and incorporate them into cultivar mixtures to enhance localized field
resistance.

In our study, the correlation between GEBVs and line mean corrected for fixed effects ranged from 0.56 to 0.61,
with prediction accuracy from 0.83 to 0.92, suggesting genomic selection can be a viable method for improving
durable resistance to late blight. Comparable levels of prediction accuracy have been reported in previous studies,
including 0.815-0.864 by Lindqvist-Kreuze et al. (2021), 0.66—0.85 by Stich and Van Inghelandt (2018), while
lower levels of accuracy are reported by Sood et al. (2023; 0.41-0.51) and Enciso-Rodriguez et al. (2018; 0.26-0.31).
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The observed variation among studies likely reflects differences in prediction models, trait definition, population
structure, test materials and metrics used to report predictive performance. In general, the relatively higher level of
heritability for late blight trait supports the relatively high genomic prediction accuracies obtained in the study.

Several attempts have been made to account for the correction of foliage maturity when analyzing late blight
resistance (Visker et al. 2004; Bormann et al. 2004; Xue et al. 2019). For example, Visker et al. (2004); Xue et al.(
2019) used foliage maturity as a fixed regressor to obtain adjusted AUDPC values at the phenotypic level. However,
phenotypic correction should be applied with caution, as it accounts for all correlation; even when part of the
correlation may result from confounding environmental factors. In contrast, genomic-level correction targets only
the genetically confounded component of the correlation.

The estimated genetic correlation between foliage maturity and late blight resistance in our study was 0.56+ 0.09,
indicating a moderate positive association between two traits. Such a correlation suggests that at least some loci
affecting resistance are either genetically linked to, or pleiotropic with, loci controlling foliage maturity. Consistent
with this interpretation, several linked loci have previously been reported to influence both traits (Collins et al.
1999; Bradshaw et al. 2004, 2006; Bormann et al. 2004; Costanzo et al. 2005; Danan et al. 2009). However,
numerous QTLs are also expected to influence late blight resistance independent of foliage maturity.

The residual breeding value represents the component of additive genetic effects for late blight resistance that
remains after removing the genetic covariance with foliage maturity. That is, it represents the additive effects
attributable to loci that jointly influence both traits that have been removed (Visker et al. 2004; Bormann et al.
2004). As expected, removing the shared genetic covariance resulted in a reduction in additive genetic variance and,
consequently, lower prediction accuracy. The remaining variation captured by the residual breeding value can be
attributed to resistance QTLs that are not linked to, or pleiotropic with, foliage maturity loci (Visker et al. 2004).
Although the narrow-sense heritability of the residual breeding value is moderate (h? = 0.26), this can still provide a
reasonable response to selection. From a breeder’s perspective, selection based on total late blight resistance could
unintentionally favor late-maturing genotypes, due to the positive genetic correlation between two traits. However,
with residual breeding value, it is possible to obtain a response to selection to late blight without affecting foliage
maturity type (Visker et al. 2004; Bormann et al. 2004). In contrast, where late maturity is not an issue, selection on
total breeding value might be more advantageous. Thus, the choice between total and residual breeding values
should be guided by the breeding objective and target production environments.
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