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Key message: Random Forest-based genomic prediction can be implemented in barley candidate
variety distinctiveness assessment to enable the selection of non-distinct varieties from the variety
collection for field assessment one year earlier than the current approach.

Abstract: Shortening the time taken to release a new crop variety could improve the
responsiveness of the plant breeding sector. To gain Plant Breeders’ Rights, and for certain
marketing requirements, candidate varieties must be distinct from all known varieties in common
knowledge (the variety collection) through assessment against Distinctness, Uniformity and
Stability (DUS) criteria. The assessment uses field comparisons of morphological DUS
characteristics between the candidate and its most similar varieties from the variety collection.
Similar varieties cannot be identified immediately as candidate varieties are received without
characteristic data. Here, we investigated if genomic prediction could facilitate most similar
variety selection. A barley training population was assembled with 1,171 genotypes, covering
~70% of the UK barley variety collection at the time of study. Genotyping was undertaken to
obtain 36,736 genetic markers and phenotypes were compiled for 28 DUS characteristics.
Genomic prediction was completed using Random Forest (RF) for classification and Ridge
Regression Best Linear Unbiased Prediction (rr-BLUP). RF typically showed the highest
proportion of correctly classified calls and marginally higher prediction accuracies for
characteristics with high heritability and fewer characteristic notes. Prediction accuracies varied
more between methods for characteristics with lower heritability and more notes, where rr-BLUP
performed best. Weighting mapped genetic loci in the RF prediction improved prediction
accuracies. Comparisons made with historic data showed strong overlap between the most similar
varieties identified via predicted or observed characteristics, indicating distinctness comparisons
could begin a year earlier. Therefore, the combination of biomolecular technology and genomic
prediction could enable faster distinctness assessment.
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Introduction

To help address the global challenges facing sustainable intensification of food production in a
changing world, there is a need to accelerate the time taken for new plant varieties to reach farmers’
fields. Conventional breeding approaches can take over 10 years to develop a new candidate
variety (Voss-Fels et al., 2019). The variety listing process, required in many countries before new
varieties can be marketed and sold, can add an additional 2 to 4 years to this timeline, depending
on the crop and country of release (Jamali et al., 2020). Distinctness, Uniformity and Stability
(DUS) testing is a key component of the variety listing process for most agricultural crop species
(alongside Value for Cultivation and Use testing). In addition, DUS testing is required where a
breeder has applied for variety protection via the awarding of Plant Breeders Rights (PBR). This
is a form of intellectual property rights for new crop varieties that allows breeders to recoup on
their investment via future royalty collection. The overall framework for plant variety protection
is coordinated by the International Union for Protection of New Varieties of Plants (UPOV), an
intergovernmental organisation which promotes plant variety development for the benefit of
society and harmonises DUS testing procedures between member countries.

The aim of DUS testing is to use a suite of DUS ‘characteristics’ to establish whether a new
candidate variety can be classified as phenotypically distinct from all other varieties in common
knowledge (the ‘variety collection’), and both uniform and stable in the expression of these
characteristics (Jones et al., 2013). The variety collection can be very large for a given crop species
and includes all varieties which are listed, marketed or protected by the member country, alongside
varieties from other territories with similar climatic and growing conditions (UPOV, 2008).

In the United Kingdom (UK), barley DUS testing is carried out by Niab, on behalf of the Animal
and Plant Health Agency (APHA). Testing is undertaken according to UPOV guidelines (UPOV,
2025) and National Protocols (APHA, 2014). Currently, there are 29 routinely recorded DUS
characteristics, two special category protein electrophoresis characteristics and three approved
additional characteristics included within the UK DUS test protocol for barley (Great Britain and
Northern Ireland Variety Lists & UK Plant Breeders’ Rights Technical Protocol for Official
Examination of Distinctness, Uniformity and Stability, dated April 2025). The minimum duration
of tests is normally two independent growing cycles. In the first growing cycle, a provisional
description for each new candidate variety is generated based on phenotypic observations of the
DUS characteristics by DUS technical experts. This data collected in year 1 is compared to the
technical DUS profiles of all existing varieties in the variety collection to identify the most similar
varieties to include for direct comparison in the second growing cycle using the ‘similar variety
selection’ approach. The approach uses ‘class widths’, which are set and adjusted by DUS
technical experts, to take into account the expected level of environmental variation and
consistency of observation for individual characteristics (typically 1 note for qualitative
characteristics and > 3 for quantitative characteristics). The selection works on a characteristic-by-
characteristic basis with varieties from the variety collection excluded from the growing trials
where they are considered sufficiently different on the basis of class widths from all candidate
varieties under test. When a variety from the variety collection is not considered sufficiently
different then that variety will be selected for inclusion in the similar variety subset. Candidate
varieties and their similar variety subsets can then be directly compared in the second growing
cycle. Candidate varieties which are not yet clearly distinct on the basis of note differences in the
second growing cycle can go forwards for further testing via protein electrophoresis or a third year



of side-by-side closer comparison in the field. Often a third growing cycle is required to establish
distinctness for spring barley candidates due to an increasing restriction of phenotypic diversity
compared to the winter barley genepool (Yang et al., 2021).

Recent advances in genomic technologies have fuelled the availability of genomic markers for use
in crop breeding and research. While DUS is focused primarily on phenotypic observations,
exploration of the potential utility of molecular markers in DUS processes is promoted under two
main UPOV application models (UPOV, 2020). The first is like-for-like replacement of marker(s)
in place of phenotypic observation of DUS characteristic(s) (UPOV, 2020). Examples in use
include gene-specific markers for disease resistances in tomato (UPOV, 2024) and a male sterility
characteristic in kale (UPOV, 2023). The second model involves the use of molecular
distances/genetic similarities to manage the variety collection and growing trials (UPOV, 2020).
For barley, the first approach alone is not feasible for all DUS characteristics due to a lack of
diagnostic markers for those characteristics with low heritability and/or complex genetic
architecture (Cockram et al., 2010, 2012; Yang et al., 2021). However, the characteristic-specific
model could be used in conjunction with distance-based models to improve the outcomes for
management of the variety collection.

Across the rest of the crop breeding and research sector, genetic markers are now routinely
implemented for methods such as marker assisted selection (MAS, Hasan et al., 2021), genomic
selection (Hickey et al., 2017), and quantitative trait loci (QTL) mapping in large genetic mapping
populations (e.g. Wright et al., 2024). Since initial applications at the start of the 21st century
(Meuwissen et al., 2001), genomic selection is now routinely implemented in commercial seed
breeding programs for selection of quantitative traits (Voss-Fels et al., 2018). Genomic prediction
involves the prediction of an estimated trait value for a genotype using genome-wide genetic
markers, whilst genomic selection is an implementation of such predictive models in breeding
programs. Once prediction models are ‘trained’ with an established training population (a large
collection of genotypes with both genotype and phenotype data), the trait values for genotypes
with only genetic data can be estimated without the need for field assessment, allowing for
potential cost reduction and faster trait selection. Typical approaches to genomic prediction include
parametric linear methods, such as Ridge Regression, Ridge Regression Best Linear Unbiased
Prediction (rr-BLUP), and Genomic-BLUP (Bernardo and Yu, 2007; Meuwissen et al., 2001;
VanRaden, 2008; Whittaker et al., 2000). These approaches have been implemented in the past
using a 3k single nucleotide polymorphism (SNP) genotyping array to show varied prediction
accuracies for barley DUS characteristics (Jones et al., 2012). Non-parametric machine learning
tree-based approaches such as Random Forest (RF) have received recent research attention as an
effective tool for prediction with genomic data (Chen and Ishwaran, 2012; Montesinos Lopez et
al., 2022). RF is robust for continuous, categorical or binary data, and under certain scenarios, has
been shown to outperform linear or Bayesian-based approaches to prediction (Fradgley et al.,
2023; Gonzalez-Recio and Forni, 2011; Naderi et al., 2016). Furthermore, there is evidence that
RF prediction accuracy or stability can be further optimised by weighting or hyperparameter tuning
(Ghosh and Cabrera, 2022; Lange et al., 2025). Several previous genome-wide association studies
(GWAS) have shown that some barley DUS characteristics are individually controlled by a few
major-effect loci (e.g. Cockram et al., 2010; Komatsuda et al., 2007; Yang et al., 2021), weighting
molecular markers linked to these regions could be a route to improved prediction accuracy
(Meuwissen et al., 2024; Zhang et al., 2014). Despite the increasing availability of approaches to
genomic prediction and the recent availability of genotyping arrays capable of genotyping



molecular marker numbers an order of magnitude greater than that explored by Jones et al. (2012),
genomic prediction is still not implemented in the DUS testing system. Recent proof-of-concept
studies have highlighted this shortfall, such as Roberts et al. (2025), who proposed a framework
for how genomic prediction of quantitative characteristics could be implemented in DUS trial
planning and distinctiveness assessment using perennial ryegrass and wheat as example crops.

For barley, the first growing cycle of the current UK DUS pipeline is used to assess DUS
characteristics for each new candidate and most similar varieties comparisons only begin in the
second growing cycle. With an appropriately trained model, the DUS characteristics of new
candidates could be predicted, and comparisons with most similar varieties could begin in the first
growing cycle. These earlier distinctness comparisons could potentially reduce the need for a third
year of tests, improving the speed and efficiency of testing.

In this study we explore genomic prediction-based approaches focused on prediction of individual
barley DUS characteristics in order to select similar varieties from the variety collection for
comparison with candidate varieties in the first growing cycle. The successful implementation of
a genomic prediction-based approach will rely upon the accuracy of the predictions, and this study
aimed to optimise prediction methodologies for marker-based discrimination of barley varieties
within the variety collection.

Methods

Barley germplasm

From the UK barley variety collection held at Niab, 537 barley varieties were selected for
genotyping based on seed availability, completeness of phenotypic information, and excluding
those that had been previously genotyped via the Biotechnology and Biological Research Council
(BSSRC) project IMPROMALT (grants BB/K008188/1, BB/K007025/1). For each variety, a
single seed was sown and grown in a temperature-controlled glasshouse at Niab (Cambridge, UK),
leaf material harvested, and DNA extracted using a modified Fulton et al. (1995) protocol. DNA
quality and quantity were subsequently assessed using a NanoDrop spectrophotometer (Thermo
Fisher Scientific, MA, USA).

Genotypic data

SNP genotyping was carried out using the 50k Illumina Infinium iSelect barley array (Bayer et al.,
2017) via subcontract to TraitGenetics GmbH (Gatersleben, Germany). The raw intensity data files
(IDAT files) were extracted for 565 samples, formed from the 537 genotypes and 39 controls
(negative controls and technical replicates). Early stage quality control resulted in three poor
quality genotypes and eight negative controls being excluded from all downstream analyses. The
remaining data were combined with the IDAT files of 749 varieties previously genotyped on the
same array (Looseley et al., 2020). Following Arrieta et al. (2021), a custom SNP calling pipeline
implemented in Go and R was wused to score SNPs across the combined dataset
(https://github.com/cardinalb/go50k).

Further quality control was completed using R (R Core Team, 2024) on the combined dataset,
excluding genotypes outside the scope of the present study, technical replicates, or replicated
across the two data sources. Monomorphic markers were excluded, and the SNP calls were



converted from nucleotide calls to a numerical coded format. First, molecular markers that had
greater than 3% heterozygous or missing calls, or fewer than 12 homozygous calls for the minor
allele were removed from the dataset. Similarly, genotypes with over 3% heterozygote marker
calls, or over 1% heterozygosity and more than 0.2% missing data (the tail of the missing data
distribution based on visual inspection) were removed. A Pearson’s correlation test was used to
compare genetic correlation for every pair of genotypes; pedigree records were inspected for each
pair with a Pearson’s correlation coefficient () > 0.95 and genotypes with unexplained
relationships were excluded.

All downstream analyses were undertaken in R using the ‘Crop Diversity High Performance
Computing’ cluster (Percival-Alwyn et al., 2024). Some R scripts were optimised using ChatGPT
(OpenAl; typically, GPT-4-class models), all incorporated suggestions were reviewed and tested
appropriately. Using the high-confidence and unique genotypes, marker quality control was
repeated with the previously described thresholds, with the exception that any marker with missing
calls was taken out in this step (the data contained relatively low amounts of missing calls).
Residual heterozygosity was then marked as missing data points and then imputed as homozygote
calls using the ‘missForest’ function implemented via the R package missForest (Stekhoven and
Buehlmann, 2012). For the imputation, 150 trees were grown in each forest, the number of
iterations was limited to five, and parallelisation was implemented via the ‘variables’ approach
using 60 Central Processing Units (CPUs).

DUS phenotypic data

Historical DUS phenotypic data for all genotypes were sourced from the DUS database and paper
archives maintained at Niab. The phenotypic data was in the form of DUS ‘variety profiles’ derived
from data collected by Niab during the course of DUS examinations and variety collection
management. Most variety profiles are based on two years of trial data collected during the course
of the UK DUS examination. Phenotypic profiles of variety collection genotypes which were not
DUS tested in the UK (varieties which have been DUS tested by other authorities) are based on
one year of observations under UK conditions and have been verified, where possible, against their
official variety descriptions.

The DUS data collected has changed over the period covered, as governed by changes to the UK
national protocol. The number of characteristics collated reflects the 28 DUS characteristics from
the UK national protocol dated 2012 and the CPVO technical protocol (CPVO-TP/19/4). Data
collected from different protocol versions were converted, where necessary, to allow comparison
between varieties, these conversions and several additional edits are detailed in Supplemental Text
S1. The DUS characteristic number 95 (Plant: intensity of green colour) had a high proportion of
missing data and was excluded from the analysis. Finally, the phenotype data were reduced to
genotypes present in the genetic marker data, and genotypes with more than five missing DUS
characteristics were removed.

Population structure and distance matrices

The genetic marker data were reduced to those genotypes with phenotypic observations, and
markers were again filtered for minor allele count using the previously described threshold. To
reduce marker redundancy, duplicated genetic markers were excluded if they had an absolute » of
1 with any other marker. The genetic marker and phenotype data were scaled prior to calculating



Euclidean distances, which were calculated using the ‘dist’ function in base R. Manhattan
distances were calculated via the same function. An additional set of phenotypic Manhattan
distances were calculated by normalising the phenotypes using min-max rescaling to a range of 0
to 1. All Manhattan distances were then standardised by dividing by the total number of genetic
markers or DUS characteristics. A principal coordinate analysis (PCoA) was completed on each
Euclidean distance matrix using the R package ape (Paradis and Schliep, 2019). Mantel tests with
999 permutations were used to test for Pearson’s correlation between the genetic and phenotypic
Manhattan matrices using the ‘mantel’ function from the R package vegan (Oksanen et al., 2025).

DUS characteristic heritability

As the amount of missing data varied for each DUS characteristic, for each analyses hereafter, the
genetic marker matrix was reduced to only contain genotypes with phenotypes for each
characteristic and genetic markers were removed that either had low minor allele counts (< 12) or
were duplicated with others (an absolute » = 1).

Using the R package sommer (Giovanny, 2016), narrow-sense heritability (h?) was estimated for
each DUS characteristic using the ‘mmes’ function, where an additive relationship matrix
estimated via the ‘A.mat’ function was treated as a random effect to estimate additive genetic
variance (0?). Total phenotypic variance (o7) was estimated as 05 = g7 + g2 where g2 was the
residual variance and h? was then estimated as h? = g2 /d3.

Association mapping

Physical positions for the array markers were downloaded from the Barley SOK SNP Platform
(www.ics.hutton.ac.uk/50k) and based on the Morex vl reference genome assembly (Mascher et
al., 2017). Unmapped markers were excluded from the analysis and association mapping was
performed using an additive model using the R package GWASpoly (Rosyara et al., 2016), with
relatedness between genotypes corrected for via a single kinship matrix estimated via the ‘set.k’
function. For each characteristic, a genome-wide significance level was set using the Bonferroni
correction (o = 0.05). Initially, genome-wide association study (GWAS) hits were assigned to
discrete genetic loci by taking the most significant marker across a window size of 15 Mb. From
these, ‘major genetic loci’ were then designated where -logio(P) > 10. Infinite P-values were
capped at the machine minimum -logo(P) = 307.6527. DUS characteristic nos. 86 (Grain: type)
and 88 (Grain: disposition of lodicules) were excluded from the association mapping and all
downstream genomic prediction due to low phenotypic diversity. Known genetic loci and
candidate genes located close to the ‘major genetic loci’ identified here were identified via
comparison of their locations in the barley reference genome.

Genomic prediction

Twenty repetitions of 10-fold cross-validation were used for the prediction of each DUS
characteristic. With the characteristics treated initially as numeric data, in each iteration the
function ‘createFolds’ was used to stratify and partition the complete training data into ten folds
using the R package caret (Kuhn and Max, 2008). For each prediction approach, the prediction
accuracies and the proportion of cases correctly classified were averaged from the ten folds for
each iteration. The DUS characteristics were scored with either ordinal integers or as binary (see
Table 1). Two underlying approaches to genomic prediction were compared for each DUS
characteristic, the first was ridge regression-BLUP used as a baseline approach with the phenotypic



data treated as numeric. The second was Random Forest (RF) classification where characteristic
data were treated as distinct factors. Several methods were used for the RF approach, including
hyperparameter tuning and major loci weighting with different severity.

Marker scores were recoded, the ‘0’ scores were recalled as ‘-1°, resulting in a dataset of ‘-1’ and
‘1’ representing each homozygote allele. r--BLUP was implemented via the R package rrBLUP
(Endelman, 2011). Each fold was treated as the ‘test data’ and the remaining ‘training data’ used
for predicting marker effects via the ‘mixed.solve’ function, where the marker data was treated as
a design matrix for the random marker effects. To obtain predicted characteristics for each test set,
the test set marker matrix was multiplied by the estimated random marker effects, and the grand
mean then added to convert the predictions to the original scale. Prediction accuracies were
estimated by calculating the » between the test set observed and predicted phenotypes. As the
predictions were no longer integers, a second prediction accuracy was recorded by rounding the
predictions to the nearest integer before calculating ». The rounded integers were used for
estimating the PCCC for the rr--BLUP prediction method.

Using the same generated folds in each iteration, the phenotype data were converted to factors and
a Random Forest (RF) approach to genomic prediction for classification of DUS characteristics
was implemented using the randomForestSRC R package (Ishwaran and Kogalur, 2025). Forests
were initially grown using the default arguments of the ‘rfsrc’ function and the test data predicted
characteristic notes were obtained. Following methods outlined by Montesinos Lopez et al. (2022),
a hyperparameter inner-fold tuning approach was implemented to explore the influence of
changing the number of trees grown per forest (ntree), the minimum node size (nodesize) and the
number of variables considered at each split (mtry). The values of ntree considered were 250, 500
(default), and 750. For nodesize, values of 1 (default), 3, and 6 were tested. For mtry the default
was equal to the square root of the number of predictor variables (genetic markers). Where
phenotype data were available for all varieties, there were 18,545 unique genetic markers which
corresponded to a default mtry value of 137. The values of mtry tested were 50, 150, 250, and 350.
A full factorial comparison was used, resulting in 36 combinations of hyperparameters. The inner-
fold tuning approach involved drawing five inner-folds from the training population of each outer-
fold. For each inner-fold, inner test values were predicted by forests trained using each of the 36
combinations of hyperparameters. The combination that produced the highest PCCC was then used
as the hyperparameters for predicting that outer-fold test data. This process was repeated for each
outer-fold within each iteration.

The final prediction model used the default hyperparameters without inner-fold tuning but
increased the weight of those prediction variables (genetic markers) identified as major genetic
loci in the association mapping. This was achieved by supplying a vector of marker weights to the
arguments xvar.wt (controls the probability of selecting a genetic marker for possible splitting of
a node) and split.wt (controls the split statistic of the selected genetic markers) of the ‘rfsrc’
function (Ishwaran and Kogalur 2025). For characteristics with ‘major genetic loci’ identified, two
weighting levels were tested. All markers were initially assigned a weight of ‘1’ (i.e. no preferential
treatment of any marker) and then in the first approach peak genetic markers associated with major
genetic loci were weighted as ‘2’ (i.e. the weighting controlling the probability of selecting
candidates for splitting and the split statistic is increased twofold), in the second approach the same
markers were weighted as ‘10 (i.e. the weighting controlling the probability of selecting
candidates for splitting and the split statistic is increased tenfold).



To test the effect of prediction method on prediction accuracy or PCCC, iteration was treated as a
blocking factor, and linear mixed models were fitted for each trait as:

yij=u+mj+ri+eij

where y;; was the prediction accuracy or PCCC for the prediction method j with the i iteration, u
was the grand mean, m was prediction method treated as a fixed effect, r was iteration treated as
a random effect and e was the residual error. The models were fitted and analysis of variance
conducted for the fixed effects using the R packages lme4 and ImerTest (Bates et al., 2015;
Kuznetsova et al., 2017). Estimated marginal means and standard errors for the prediction methods
were calculated using the R package emmeans (Lenth, 2024) and compact letter display for pair-
wise comparisons with P-values adjusted via the Tukey method were calculated using the ‘cld’
function from the R package multcomp (Hothorn et al., 2008).

Similar variety selection

A custom script was created in R that replicated the ‘similar variety selection’ approach used in
current UK barley DUS system. The most recent version of class widths for the characteristics was
used (Supplementary Table 1). For seasonal type (UK national characteristic no. 90), the class
width was reduced from ‘2’ to ‘1’ to reflect changes to the characteristic scoring (Supplementary
Text 1). Registered barley varieties present in the dataset released between 2010 and 2019 were
treated as candidate varieties. For each year of entry, these registered varieties were treated as the
candidate set and their characteristics were predicted using the rest of the genotypes in the panel
as the reference population. The prediction was completed through a classification approach using
the randomForestSRC R package with default settings (Ishwaran and Kogalur, 2025). For each
candidate, a comparison was then made between the subsets of variety collection varieties
identified as non-distinct and thus classified as required for field evaluation when using either
observed or predicted characteristic data for the candidates. Subset size using observed or
predicted data was visualised with the R package ggplot2 (Wickham, 2016). Excluding candidates
with one or fewer variety in the non-distinct subset identified with observed data, the percentage
of variety collection genotypes identified as non-distinct using observed phenotypic data also
found with predicted phenotypes was estimated.

Results
The barley prediction panel

SNP calling was completed with a combined set of 565 barley samples genotyped in this study on
the UK barley variety collection held at Niab and 749 previously genotyped barley samples
(Looseley et al., 2020). After excluding controls, replicates and low-quality samples, 1,171 unique
genotypes were used for the study, which included 459 and 712 from the recent and previous
genotyping efforts, respectively. Of the 43,799 markers outputted initially from the SNP calling
pipeline, 36 markers were removed due to formatting uncertainty, 1,609 excluded as
monomorphic, 1,366 markers removed with missing data calls, 2,932 markers removed with
heterozygosity >3%, and 1,120 excluded with <12 calls of the homozygous minor allele. The
resulting dataset contained 36,736 quality controlled genetic markers, of which 16,540 contained



residual heterozygosity (<3%). These heterozygous calls were marked as NA and imputed as
homozygous alleles.

Of the 1,171 genotypes in the combined dataset, 1,129 had DUS characteristic data. This number
was further reduced by removing 42 genotypes with >5 missing DUS characteristics and a single
anomaly, resulting in a data set of 1,086 genotypes with genetic and phenotypic data, hereafter
referred to as the ‘barley prediction panel’. There were 28 DUS characteristics scored and curated
for the barley prediction panel, all scored by discrete values ranging from 1 to 9 (Table 1). Eight
of these characteristics had binary notes (either ‘1’ or ‘2’), including the important barley
characteristics Ear: number of rows (characteristic no. 39) and seasonal type (no. 90). For
characteristic n0.39 (Ear: number of rows), there were 1,000 two-row (note ‘1’) and 86 six-row
(note ‘2’) barley genotypes present in the data. There was a more even split for seasonal type, with
421 winter (note ‘1’) and 593 spring (note ‘2’) types in the barley prediction panel. Limited
phenotypic diversity was observed for the DUS characteristics Grain: type (no. 86) and Grain:
disposition of lodicules (no. 88), and therefore these characteristics were excluded from the genetic
mapping and genomic prediction. Of the non-binary characteristics, three DUS characteristics
were scored with three characteristic notes and the remaining 17 were scored with scales ranging
from five to nine characteristic notes. Missing data varied trait-by-trait, ranging from NA = 0
(seven characteristics) to NA = 571 (no. 9; Flag leaf: attitude) (Table 1).



Table 1 - Note frequencies and heritability (4%) for the 28 DUS characteristics analysed in the barley prediction panel (1,086 genotypes with genetic marker and
phenotypic data). The standard error (s.e.) for each heritability estimate (4%), number of genotypes with observed data (n) and the number of missing data points
(NA) for each characteristic is shown.

Characteristic no. Name of characteristic n s.e. 1 2 3 4 5 6 7 8 9 n NA
1 Plant: growth habit 032 0.04 2 7 72 186 370 236 155 41 9 1078 8
2 Lower leaves: hairiness of leaf sheaths 097 0.01 675 410 - - - - - - - 1085
8 Time of ear emergence 0.31 0.04 19 50 107 221 321 244 88 26 8 1084 2
9 Flag leaf: attitude 0.40 0.06 18 37 111 165 123 36 12 4 9 515 571
10 Flag leaf: intensity of anthocyanin colouration of auricles 0.72 0.03 145 5 45 50 103 185 337 8 36 992 94
14 Ear: glaucosity 042 0.04 33 20 66 141 365 282 158 18 3 1086
15 Flag leaf: glaucosity of sheath 0.14 0.03 0 0 7 16 143 265 461 171 23 1086
17 Ear: attitude 030 0.04 18 246 279 215 178 97 44 7 0 1084
19 Awns: intensity of anthocyanin colouration of tips 0.66 0.04 142 13 65 103 270 252 128 19 1 993 93

20 Sterile spikelet: attitude 0.64 005 49 121 494 - - - - - - 664 422
22 Ear: development of sterile spikelets 0.82 0.02 365 625 - - - - - - - 990 96
25 Median spikelet: length of glume and its awn relative to grain  0.24 0.04 51 896 131 - - - - - - 1078 8
29 Ear: length 0.17 0.03 1 7 52 164 514 265 66 6 0 1075 11
30 Awn: length 0.27 0.04 0 0 24 26 216 146 592 39 1 1044 42
33 Plant: length 021 004 29 67 182 318 287 134 49 14 4 1084

39 Ear: number of rows 1.00 0.00 1000 86 - - - - - - - 1086

40 Ear: density 029 0.04 10 34 226 273 396 98 46 3 0 1086

41 Ear: shape 0.12 0.03 - - 494 68 480 O 1 - - 1043 43
44 Rachis: length of first segment 0.31 0.04 0 0 63 204 574 193 51 1 0 1086

46 Rachis: curvature of first segment 0.27 0.04 15 54 220 255 321 141 71 4 3 1084 2
62 Kernel: colour of aleurone layer 0.76 0.03 814 91 92 - - - - - - 997 89
65 Grain: rachilla hair type 093 0.01 310 776 - - - - - - - 1086 0
73 Grain: spiculation of inner lateral nerves 0.75 0.03 626 57 145 25 6l 16 70 37 49 1086 O
75 Grain: anthocyanin colouration of lemma nerves 0.62 0.04 268 52 121 169 239 133 72 24 1 1079 7
76 Grain: hairiness of ventral furrow 0.99 0.01 934 151 - - - - - - - 1085 1
86 Grain: type 0.19 0.03 3 1082 - - - - - - - 1085 1
88 Grain: disposition of lodicules 0.99 0.01 10 1066 - - - - - - - 1076 10

90 Seasonal type 1.00 0.00 421 593 - - - - - - - 1014 72



Heritability (h?) varied greatly on a characteristic-by-characteristic basis (Table 1). The highest
heritability values (h? = 1) were observed for Ear: number of rows (no. 39) and Seasonal type (no.
90), while the lowest was found for Ear: shape (no. 41; h? = 0.12). Following definitions
previously used by Yang et al. (2021), barley DUS characteristics were grouped as either having
low (h? < 0.5) heritability (15 characteristics) or high (h? > 0.5) heritability (13 characteristics).
Of the latter group, nine had three or less characteristic notes, while the remaining four
characteristics were scored on a 1-9 scale. In the low heritability group, only two of the 15
characteristics were scored using <3 notes.

Principal coordinate analysis (PCoA) of Euclidean distances calculated using either the scaled
genetic marker or phenotypic data showed clear population structure in the barley prediction panel
(Figure 1a-b). The first principal coordinate (PCoA 1) separated the genotypes by seasonal type
(no. 90) and explained 18% and 19% of the variation when using genetic or phenotypic-based
Euclidean distances, respectively. The PCoA for both approaches showed separation of the
genotypes by Ear: number of rows (no. 39) on the second principal coordinate (PCoA_2), where
the higher values were associated with the six-row genotypes. There was less variation explained
by PCoA 2 for the genetic-based Euclidean distances (4%), than phenotypic-based estimates
(11%). However, the clustering of the variation associated with characteristic nos. 90 and 39 was
visually clearer when using marker-based Euclidean distances (Figure la). The Manhattan
distances estimated from the genetic markers and phenotype characteristics were significantly
correlated (P = 0.001, Figure 1c-d). The correlation increased in strength when using min-max
scaling to normalise the phenotypic characteristics scored with a different number of notes prior
to the calculation of Manhattan distances; with normalised phenotypes there was a Pearson’s
correlation coefficient () of 0.76, compared to 0.61 without normalisation.
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Figure 1 - Trends and correlation between the phenotypic and genotypic spaces of the barley prediction panel (n =
1,086). Population structure is illustrated using a principal coordinate analysis (PCoA) calculated using Eucladian
distances estimated from either the scaled genetic marker data (a) or the scaled phenotypic DUS characteristic data
(b). For each PCoA, the first two principal coordinates are shown (PCoA_1 and PCoA_2) and the percentage variation
explained by each of these coordinates is shown in the axis labels. The genotypes are coloured by Seasonal type and
shaped by Ear: number of rows. Correlations between the Manhattan distances calculated using genetic marker data
and the phenotypic DUS characteristics before (¢) and after (d) normalisation using min-max scaling. Mantel test
statistics are overlaid on each plot and point density smoothing is represented by a 2D kernel density estimation for
each comparison.

Association mapping

The phenotypic distributions of the 26 DUS characteristics used for GWAS are shown in
Supplementary Figure 1, and the resulting Manhattan and quantile-quantile (QQ) plots are shown
in Supplementary Figures 2-4. Association mapping identified 23 ‘major genetic loci’ (QTL with
-logio(P) > 10) across 14 of the DUS characteristics (Table 2), with the -logio(P) scores for all
these loci above the Bonferroni genome-wide a = 0.05 significance thresholds (Supplementary
Table 2). Association mapping identified at least one QTL for each of the 12 DUS characteristics



with h? > 0.5 (Table 1). The highest number of QTL were identified for Ear: number of rows (no.
39) where six ‘major genetic loci” were mapped across chromosomes 1H, 2H, 4H, 5H and 7H, and
for Seasonal type (no. 90) where four ‘major genetic loci’ were identified on chromosomes 1H,
4H and 5H. For traits with heritability h? < 0.5, ‘major genetic loci’ were only found for Ear:
glaucosity (no. 14) and Median spikelet: length of glume and its awn relative to grain (no. 25)
(Table 2). Genetic markers associated with the ‘major genetic loci” were weighted to investigate
possible optimisation of the Random Forest (RF) prediction approach.



Table 2 - Summary of the ‘major genetic loci’ (-logio(P) > 10) identified via association mapping in the barley prediction panel (n = 1,086). Displayed for each
major locus is the name (Marker), assigned chromosome and position of each peak marker on the barley reference genome assembly. Where relevant, candidate
genetic locus, candidate gene (or SNP name in the instance of previously identified GWAS hits) and associated references are shown. “DUS characteristics with

low heritability (h? < 0.5). Extended results for this table are shown in Supplementary Table 2.

Characteristic
no.

2

10
14*
19
20

20
22
25"
39
39
39
39

39
39
62
65
73

75
76

90
90

90
90

Marker
JHI.Hv50k.2016.269262

JTHI.Hv50k.2016.110602
SCRI_RS_204276
JHILHv50k.2016.110602
JHL.Hv50k.2016.28062

JHI.Hv50k.2016.108012
JHI.Hv50k.2016.107661
JHI.Hv50k.2016.460699
JHL.Hv50k.2016.16862
JHI.Hv50k.2016.44059
JHI.Hv50k.2016.107123
JHI.Hv50k.2016.231492

JHI.Hv50k.2016.288224
BOPA2 12 20793
JHI.Hv50k.2016.250677
JHI.Hv50k.2016.316002
JHI.Hv50k.2016.104839

SCRI_RS_160618
JHLHv50k.2016.367872

JHIL.Hv50k.2016.41782
JHI.Hv50k.2016.275319

JHI.Hv50k.2016.323294
JHI.Hv50k.2016.336854

Chromosome

4H

2H
1H
2H
1H

2H
2H
TH
1H
1H
2H
4H

SH
7H
4H
SH
2H

2H
6H

1H
4H

SH
SH

Position
(bp)
631,633,338

676,851,667
248,411
676,851,667
394,166,483

654,157,564
651,539,496
42,951,647
28,824,035
518,171,392
649,821,590
19,763,503

34,677,519
39,718,323
524,864,313
546,260,097
639,289,447

676,848,238
330,411

511,924,294
643,513,006

571,615,210
601,232,579

-logi0(P)

180.92

78.89
12.11
94.73
16.92

41.94
203.18
30.63
10.22
14.72
307.65
307.65

10.27

21.64
134.95
177.92
71.96

64.60
146.16

133.93
214.94

14.53
57.84

Candidate

locus
HSHI

ANT?2
GLS1
ANT2

VRS3
(Int-A)

Vrsl
Vrsl
N/A

EAMS
Vrsl

Int-C
(VrsS)

VRN-H3
BLX
SRHI
GTHI

ANT2
N/A

PPD-H2
VRN-H2

VRN-H1

Candidate
Gene/GWAS SNP

GWAS hit (SNP_708353)

bHLH
GWAS hit (12_30969)
bHLH
HvJMJ706

HvHOX1
HvHOX1
GWAS hit (SNP_1172437)

HvELF3
HvHOXI
HvTBI

FTI
(1) HvMyc2; (2) HvMpc2
HvSRH1
GWAS hit (Hvl1_10818 CA)

bHLH

GWAS hit
(HvOs02g01490_G607A)

HvFT3
ZCCTabc

HvBM54

References

Cockram et al., 2010; Cockram et
al., 2012; Kim et al., 2023

Cockram et al., 2010
De la Fuente Canto et al., 2018
Cockram et al., 2010
Bull et al., 2017

Komatsuda et al., 2007
Komatsuda et al., 2007
Kim et al., 2023

Faure et al., 2012
Komatsuda et al., 2007
Ramsay et al., 2011

Yan et al., 2006
Strygina et al., 2017
Jayakodi et al., 2024

Cockram et al., 2010; Cockram et
al., 2012

Cockram et al., 2010

Cockram et al., 2010; Cockram et
al., 2012

Faure et al., 2007

Yan et al., 2004; Dubcovsky et al.,
2005

Distelfeld and Dubcovsky, 2009



Genomic prediction

Regardless of the prediction approach, there were strong observed trends between characteristic
heritability and either prediction accuracy (7) or the proportion of correctly classified calls (PCCC)
(Figure 2). DUS characteristics with higher heritability also had higher r and PCCC. The highest
r and PCCC values were observed for characteristics no. 90 (Seasonal type) and no. 39 (Ear:
number of rows), where all values across all methods tested >0.98 (Table 3). For 11 of the 12 DUS
characteristics with high heritability (h? > 0.5), one or more of the RF approaches resulted in
higher r values than ridge regression-BLUP (rr-BLUP) or with the rr-BLUP prediction rounded to
the nearest integer (Table 2). Although there were significant effects of prediction method on r for
all the characteristics investigated (Table 2), the increase in r values for traits with high heritability
offered by the RF methods were relatively small. For example, out of the 12 DUS characteristics
with h? > 0.5, the largest increase between rr-BLUP and RF with default parameters was 0.08 for
Grain: rachilla hair type (no. 65). For the characteristics with high heritability (h? > 0.5),
optimisation of the RF approach through tuning or weighting typically resulted in small
improvements to prediction accuracy. For instance, across the 12 DUS characteristics with h? >
0.5, RF with the highest degree of ‘major genetic loci’ weighting (rf weight10) had a mean r of
0.90, compared to rr-BLUP and RF with default parameters that returned mean r values of 0.86
and 0.88, respectively.

There was greater variation for r between prediction methods for characteristics with h? < 0.5
(Figure 2a), where rr-BLUP typically outperformed the RF classification approach. Here the
variation was larger, for the 14 characteristics with h* < 0.5 the mean r for rr-BLUP was 0.47
compared to 0.36 for RF with default settings (Table 2). For the RF method with default settings,
the lowest r was found for characteristic no. 44 (Rachis: length of first segment; r = 0.24).
Whereas, for rr-BLUP the prediction was more accurate for the same characteristic (r = 0.48). For
each of the two of the ‘low heritability’ DUS characteristics found to be controlled by ‘major loci’
(no .14 - Ear: glaucosity; and no. 25 - Median spikelet: length of glume and its awn relative to
grain) there was an increase in r observed using ‘major loci’ weighting compared to the default
RF approach (Table 2).
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Figure 2 - Comparisons between trait heritability (h?) and (a) prediction accuracy (r) and (b) proportion of correctly
classified calls (PCCC). For either r or PCCC, each point represents an average of 20 interactions for one of the
DUS characteristics predicted using either Random Forest with default parameters (rf) or Ridge Regression-BLUP
with prediction rounded to the nearest integer (rrBLUP _int). Lines of best fit are shown.



Table 3 - Average prediction accuracy (r) and proportion of correctly classified (PCCC) for 26 DUS characteristics analysed in the barley prediction panel (n =
1,086). The r and PCCC values were averaged from 20 repetitions of 10-fold cross-validation and the genomic prediction methods analysed: Ridge Regression-
BLUP (rrBLUP), rrBLUP predictions rounded to the nearest integer (rrBLUP_int), Random Forest (RF) with default parameters (1f), RF with hyperparameter
tuning (rf tune), and RF with different levels of genetic marker weighting (rf weight2 and rf weight10). The weighting approach was only used for DUS
characteristics found via association mapping to be controlled by ‘major loci’ (-logio(P) > 10). Mixed linear models were fitted for each characteristic and used to
test the effect of prediction method on r and PCCC for each trait, P-value signicance thresholds (Sig. level) were extracted from ANOVA tables for these
comparisons (*** = P <0.001; n.s. = P> 0.05). Full DUS characteristic descriptions are shown in Table 1.

Characteristic Sig. Sig.
no. rrBLUP rrBLUP _int f rf tune rf weight2 rf weight10 level rrBLUP _int f rf tune  rf weight2 rf weight10 level
r PCCC
1 0.617 0.580 0.562 0.556 ok 0.395 0.412 0.413 ok
2 0.953 0.956 0.956 0.973 0.959 0.980 ook 0.979 0.979 0.987 0.980 0.991 ok
8 0.415 0.384 0.256 0.247 ok 0.307 0.306 0.305 n.s.
9 0.408 0.386 0.245 0.234 ok 0.366 0.388 0.391 ok
10 0.820 0.809 0.828 0.844 0.831 0.854 ook 0.358 0.500 0.502 0.499 0.502 ok
14 0.536 0.502 0.431 0.436 0.435 0.445 ok 0.375 0.372 0.378 0.375 0.375 n.s.
15 0.316 0.239 0.276 0.272 HEE 0.411 0.419 0.417 HEE
17 0.568 0.544 0.467 0.467 ook 0.329 0.329 0.327 n.s.
19 0.741 0.727 0.786 0.796 0.790 0.808 ok 0.331 0.463 0.464 0.462 0.463 ok
20 0.744 0.705 0.776 0.812 0.798 0.831 ok 0.821 0.867 0.873 0.872 0.881 ok
22 0.920 0.952 0.957 0.957 0.960 0.969 ook 0.978 0.980 0.980 0.981 0.985 ook
25 0.413 0.299 0.365 0.386 0.373 0.410 ok 0.848 0.854 0.858 0.855 0.861 ok
29 0.428 0.329 0.279 0.276 ok 0.471 0.481 0.481 HEE
30 0.601 0.553 0.517 0.504 ook 0.488 0.622 0.620 ook
33 0.397 0.329 0.262 0.261 ok 0.324 0.309 0.311 ok
39 0.984 0.992 1.000 0.993 1.000 1.000 ok 0.999 1.000 0.999 1.000 1.000 ok
40 0.454 0.410 0.318 0.321 ook 0.337 0.366 0.370 ook
41 0.384 0.294 0.325 0.337 ok 0.203 0.624 0.631 ok
44 0.483 0.408 0.242 0.239 ok 0.523 0.523 0.523 n.s.
46 0.531 0.498 0.455 0.450 ook 0.354 0.342 0.345 ook
62 0.766 0.738 0.845 0.859 0.847 0.856 ok 0.835 0.901 0.904 0.902 0.904 ok
65 0.927 0.949 0.944 0.944 0.944 0.958 ok 0.979 0.978 0.977 0.978 0.983 HHE
73 0.850 0.842 0.833 0.846 0.837 0.848 ook 0.419 0.676 0.680 0.678 0.681 ook
75 0.746 0.731 0.727 0.771 0.740 0.767 ok 0.296 0.440 0.449 0.444 0.447 HkE
76 0.879 0.909 0.936 0.928 0.934 0.938 ok 0.979 0.985 0.983 0.985 0.986 ok
90 0.995 0.999 0.999 0.999 0.999 0.999 ook 1.000 1.000 1.000 1.000 1.000 n.s.




The RF approach was generally more effective for PCCC across all characteristics compared to r1-
BLUP with integer rounding (Figure 2b). However, unlike the case for r, five characteristics were
identified for which prediction method had no significant effect on PCCC (Table 2). For the 12
characteristics with high heritability (h? > 0.5), RF with the higher degree of weighting had the
highest mean PCCC of 0.82. For these same characteristics, rr-BLUP with integer rounding had a
mean PCCC of 0.75. Unlike for r, for characteristics with low heritability (h? < 0.5) the rr-BLUP
method performed worse in terms of PCCC with a mean of 0.41, compared to RF with default
settings which had a mean of 0.45. Notably, there was a 0.42 and 0.26 drop in PCCC using rr-
BLUP with integer rounding compared to the RF default approach for Ear: shape (no. 41) and
Grain: spiculation of inner lateral nerves (no. 73), respectively.

Genetic marker weighting in the RF approach offered higher increases in v and PCCC compared
to hyperparameter tuning. Across all traits, tuning of the RF method resulted in a mean r of 0.60
and PCCC of 0.62, which is the same average observed for RF with default settings. Out of the
two weighting approaches for RF, the more severe weighting approach (rf weight10) resulted in
the largest mean increase (r = 0.02) compared to using the default RF settings. For 11 out of the
14 characteristics that used weighting, the increase observed between the default and the most
severe weighting method for r was statistically significant (Supplementary Figures 5 and 6).
Overall, the genomic prediction approach that provided either the highest 7 or PCCC varied on a
characteristic-by-characteristic basis. For each characteristic, pairwise comparisons are shown in
Supplementary Figures 5-8 for both r and PCCC.

Implementing predictions

The predicted and observed DUS characteristic scores were compared, for subsets of registered
varieties over a 10-year period, to the phenotypic profiles of all varieties in the dataset to identify
the most similar varieties that would be required for direct distinctness assessment in the field,
using the current class width approach for the selection of similar varieties. The comparisons
between the genotypes selected from the variety collection using observed or predicted DUS
characteristics as the basis of the selection are shown in Figure 3. The size of subsets required for
field testing using the predicted characteristics typically increased with the number of varieties
shown to be not yet clearly distinct using the observed data (Figure 3a). However, the average
number of varieties in the prediction-based subsets (n =49) was noticeably higher than the average
number in the observed characteristic-based subsets (n = 29), suggesting an average 69% increase
in the number varieties required for field testing using the prediction-based approach.

Although the prediction-based subsets were larger, there was good representation of the varieties
identified as not yet clearly distinct and required for field assessment using observed characteristic
data (Figure 3b). Excluding candidate varieties with one or less variety in the identified observed
subset, on average 72% of varieties found to be not yet clearly distinct with observed characteristic
data were also identified using predicted characteristics. There was a left-skewed distribution
visible in the percentages and six varieties had no observed overlap (Figure 3b).
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Figure 3 — Comparison of the number of genotypes from the ‘variety collection’ subsets shown to be not yet clearly
distinct from registered varieties (treated as candidate varieties) across a ten-year period, undertaken using either
observed or predicted DUS characteristics. In the current barley DUS pipeline, these subsets of the “variety collection’
would be grown in the field alongside the candidate varieties for direct distinctness comparisons. a) The number of
“variety collection’ genotypes found as not yet clearly distinct and therefore required for field testing using either
observed or predicted characteristics, with orange connecting lines indicating the subsets associated with the same
candidate. b) For each candidate, the percentage of varieties selected in a subset for field comparison using observed
characteristics that were also selected using genomic predicted characteristics. All predictions were run with Random
Forest using default settings.

Discussion
Genotypic and phenotypic exploration of the barley prediction panel

The barley prediction panel consisted of 1,086 genotypes with both genetic and phenotypic data.
To form the panel, genotypic data from a 50k feature genotyping array were obtained for 1,171
genotypes which covered an estimated ~70% of the active barley ‘variety collection’ at the time
of study. The number of genotypes assembled here forms a powerful resource for applications
such as genomic prediction and genome-wide association study (Alqudah et al., 2020; Cericola et
al., 2017), highlighting the suitability of the barley prediction panel for the statistical approaches
used in this study.

As observed in other barley collections (e.g. Bayer et al., 2017; Cockram et al., 2010; Matthies et
al., 2011), there was clear population structure determined by Seasonal type (characteristic no. 90)
and Ear: number of rows (no. 39) in the barley prediction panel. Tight clustering was observed for
the spring two-row varieties, which is reflective of restricted DUS characteristic space and is in
agreement with similar reports on elite spring barley varieties (Yuan et al., 2024; 2025). We found
strong correlation between genotypic and phenotypic-based Manhattan distance, with similar
values (r =~ 0.6) found in previous studies (e.g. Jones et al., 2012; Yang et al., 2021). The DUS
characteristics investigated here were not all scored across the same number of notes, ranging



between two and nine classes. As Manhattan distances are the sum of absolute differences across
variables, these estimates would be biased towards characteristics scored across more notes. Use
of min-max characteristic scaling increased correlation between the Manhattan distances, likely
due to more equal consideration of binary characteristics that were typically associated with higher
heritability estimates (Table 1).

The 712 previously SNP-genotyped barley varieties (Looseley et al., 2020) included in our analysis
were previously used to explore DUS characteristic heritability (Yang et al., 2021). Despite the
lower number of varieties in their study, the heritability for the DUS characteristics observed by
Yang et al. (2021) were very similar to those observed here - indeed, the same DUS characteristics
were classified as having low (h? < 0.5) and high h? (h? > 0.5) heritability, and broadly agree with
heritability estimates undertaken in other studies (Cockram et al., 2010). Traits with low
heritability are problematic for DUS assessment due to non-genetic factors contributing to more
of the observed variation, as has been highlighted in both barley and the closely related cereal crop
wheat (Yang et al., 2021; Zanella et al., 2026). Furthermore, the accuracy of genomic prediction
and the ability to detect genetic loci are both impacted by heritability (Bernardo et al., 2020). This
trend was apparent in our study, whereby DUS characteristics with low heritability were found to
have lower prediction accuracies (r), a lower proportion of correctly classified calls (PCCC), and
their genetic architecture was rarely found to be associated with a “‘major genetic locus’ (-logio(P)
> 10).

For assessment of distinctness in the current DUS testing pipeline, there is some control for
characteristics with low heritability. Firstly, the ‘low heritability’ group (h? < 0.5) were typically
(but not exclusively) consisted of DUS characteristics scored using a higher number of ‘notes’
(e.g. scored on a 1-9 scale) and these characteristics are designated wider class widths before
assigning distinctness in current testing protocols (Supplementary Table 1). Secondly, assessment
of distinctness is only considered in comparison plots within a single field per test year to minimise
environmental heterogeneity. However, there are limitations to these considerations (1)
characteristic class width did not always scale with heritability. For example, Grain: spiculation of
inner lateral nerves (no. 73) and Flag leaf: glaucosity of sheath (no. 15) had very different
heritability estimates of 0.75 and 0.14, respectively, and both characteristics shared a class width
of three ‘notes’ in the selection algorithm. (2) Large spatial heterogeneity is common within a
field, and it can be difficult to ensure uniformity at the plot level depending on the characteristics
under study (Mercer and Hall, 1911). In the current UK DUS assessment protocol for cereal crops
only a single plot is used for distinctness assessment per genotype, with the comparison plots
grouped together in the same area of the trial to facilitate accurate comparisons. Increasing within-
trial replication and using a blocked experimental design could be a useful avenue for improving
the accuracy of recording DUS characteristics with low heritability, as is used for many cross-
pollinated crops which undergo DUS testing. However, tradeoffs with the cost and increased
complexity of the trialing and distinctness assessments would also need to be considered and
compared against the necessity and scale of improvement that could be made.

Genomic prediction of barley DUS characteristics with the barley prediction panel



No genomic prediction method is universally optimal for every phenotype and success of a
particular approach depends on the architecture of that trait (Daetwyler et al., 2010). Here,
heritability appeared the major determinant of prediction accuracy (r) and PCCC, although there
were significant differences associated with prediction approach that varied on a characterisitic-
by-characteristic basis. However overall, Random Forest (RF) was most effective for traits with
higher heritability and fewer characteristic ‘notes’, although only minor improvements in accuracy
were observed compared to the ridge regression-BLUP (rr-BLUP) approach. This is broadly in
agreement with previous studies of observed and simulated data in animal species. For example,
in the case of binary phenotypes in dairy cattle, RF has been shown to outperform genomic-BLUP
in a higher heritability scenario, with a drop in performance under low heritability (Naderi et al.,
2016). Similarly, exploration of genomic prediction approaches using simulated livestock data
found RF outperformed other approaches when using discrete traits where the phenotype was
controlled by a smaller number of genetic loci (Gonzalez-Recio and Forni, 2011). We found that
the genetic architecture of barley DUS characteristics with high heritability were all associated
with at least one ‘major locus’. Compared to rr-BLUP or RF with default settings, there were small
improvements for nearly every characteristic by increasing the probability of selecting and using
the most significant genetic markers linked to each of these ‘major genetic loci’ for splitting in
decision trees. Weighting markers linked to genetic loci is an established approach in parametric
linear approaches to prediction, at least in animals (Meuwissen et al., 2024; Ren et al., 2020).
Fewer studies have explored how RF prediction accuracies could be increased by weighting
variables linked to known genetic loci. However, Ghosh and Cabrera (2022) recently proposed a
method called ‘Enriched Random Forest’ that uses weighted random sampling to assign more
weight to informative features of the data. Our study provided further evidence that weighting
more informative variables, in our case markers linked to ‘major genetic loci’ (Table 2), can
improve RF prediction accuracy.

A more severe drop in RF performance was observed when compared to rr-BLUP for those traits
with low heritability and which are phenotyped using relatively high numbers of characteristic
‘notes’. rr-BLUP is one of the most commonly used methods of genomic prediction for single
traits (Tong and Nikoloski, 2021) and often produces similar levels of accuracy as more complex
approaches to prediction (Heslot et al., 2012). For phenotypes controlled by many underlying
genes, rr-BLUP has been shown to be an effective approach to prediction (Wang et al., 2015).
Significant consideration is needed when using machine learning or artificial intelligence-based
approaches to genomic prediction, as potentially small improvements to prediction accuracy or
performance observed come with the downside of using a less transparent or more computationally
intensive approach (Howard and Lipka, 2025). The RF approach with hyperparameter tuning took
several days to complete for each DUS characteristic and advantages or disadvantages observed
in terms of r and PCCC were characteristic-dependent.

The requirement to round predicted values to integers would represent a drawback to implementing
rr-BLUP in the current DUS testing pipeline, as there was a reduction in prediction accuracy (r)
observed for most characteristics with integer rounding. This issue could be circumvented using
genomic prediction methods developed for ordinal categorical phenotype data that use a
generalized linear mixed models framework (e.g. Montesinos-Lopez et al., 2015). Furthermore,
RF prediction accuracies performed worse for ordinal characteristics scored using more ‘notes’
(those with 1-9 scores) with low heritability. This could be partially attributed to the classification
approach not considering the inherent nature of an ordinal characteristic (Janitza et al., 2016).



While the RF prediction generally performed better in terms of PCCC, at lower heritability the rr-
BLUP method, which treated each characteristic as numeric, produced better prediction accuracy,
indicating rr-BLUP predictions better tracked the variation in the observed data. Ordinal-based RF
approaches have been developed (e.g. Hornung, 2019), these tested in conjunction with
parametric-based ordinal methods could hold merit for prediction of the DUS characteristics
scored with a greater number of ‘notes’.

Implications for potential application in DUS testing protocols and next steps towards
implementation

Current barley DUS assessment pipelines take up to three years. Low use of DUS characteristic
space, as currently observed in spring barley, increases the likelihood of the need for year-3 DUS
tests. This in turn increases DUS testing costs and slows down the timescale for genetic
improvements in agronomically important traits such as yield and yield quality being realised in
farmers’ fields. Accurate genomic prediction methodologies could reduce the length of the barley
DUS testing cycle by predicting the characteristics of new candidate varieties immediately after
being received at the DUS Testing Centre (Figure 4). These predictions would be used to select
subsets from the ‘variety collection’ identified as similar enough to require comparison in field
trials candidates in the first year of the DUS pipeline. Roberts et al. (2026) also highlighted that
the requirement of a third year of DUS assessment could be removed in crops such as wheat via
the implementation of genomic prediction to identify most similar varieties from the variety
collection to be grown alongside candidates in the first year of testing. Through this simple change,
potential distinctness issues could be identified in year-1 of the process, whereas these are currently
first identified in year-2 (Figure 4). These distinctness issues could be explored through detailed
examination in the second year of testing via side-by-side comparisons or special testing, and
reduce the need for assessment in a third year.

Using default RF settings, ~72% of varieties identified as non-distinct using the observed approach
were also found with prediction. With further optimisation of prediction on a trait-by-trait basis,
that percentage could be increased. Furthermore, the class widths for each DUS characteristic are
currently determined by technical experts based on observed phenotypic variability. Predicted
characteristics may vary differently to phenotypic observations and the class widths could be
further refined in relation to the observed variability of predicted characteristics.
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Figure 4 - Schematic showing the current UK barley DUS approach used for distinctness assessment (shown in red),
compared with the hypothesised genetic prediction informed approach, which incorporates genomic prediction in
year-1 of testing. As distinctness is assessed from year-1 in the prediction informed approach, there is potential for
reducing the cycle length by a year.

This work provides proof-of-concept for using genetic prediction in barley DUS testing, the
following points are suggested as the next steps towards implementation of this method. (1)
Genotyping of the remaining ~30% of the ‘variety collection’ would allow full coverage of the
available genetic diversity. (2) Refinement of the genomic prediction approach on a characteristic-
by-characteristic basis, which would involve incorporating ‘major genetic loci’ weighting, use of
optimal hyperparameter combinations and potentially ordinal specific prediction methods for the
characteristics with low heritability and a greater number of characteristic ‘notes’. (3) Optimisation
of DUS distinctness class widths in the selection algorithm to account for prediction characteristic
variability. (4) Live parallel field testing of the genetic prediction informed approach alongside the
current DUS pipeline, allowing cost-benefit analysis to be determined under real-world settings.
(5) Establishing a cost-efficient genotyping solution with adequate turn-around times for real-
world implementation. A practical limitation with the proposed approach is that new candidate
varieties would need to be quickly genotyped for prediction before selection and inclusion of the
relevant comparisons from the variety collection in direct comparisons in year-1. A limitation of
array-based genotyping is there is often a minimum sample number requirement to fill a 384-well
submission plate, this could lead to cost inefficiency as typically ~45 spring barley candidates are
received in the UK annually. Sequence-based approaches such as low-coverage skim-sequencing
following by imputation have no minimum sample number requirement and could prove a more
cost-effective solution (Sthapit et al., 2025).

Final conclusions

Molecular markers are routinely used in crop breeding and research to accelerate germplasm
assessment and development timelines. Phenotypic observations remains at the core of barley DUS
assessment, but these pipelines could be further optimised via use of genomic information. Here,
we suggested an approach for the inclusion of genetic markers that does not replace traditional
morphological assessment; rather, it offers a potential route to shortening the length of current



DUS assessment methodology which could improve the responsiveness of variety development
and release.
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