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Abstract
The European Commission’s Farm to Fork Strategy aims to see 25% of EU agricultural land to be organically managed by 2030, emphasizing the need for cultivars adapted to organic conditions. Although genomic selection (GS) has the potential to enhance genetic gain, the limited availability of training data in organic breeding restricts its efficiency. Integrating phenotypic information from conventional trials or high-throughput drone data may improve predictive accuracy.
In this study, we use data obtained in anoat (Avena Sativa L.) breeding program at Nordic Seed to evaluate if the accuracy of organic breeding values can be increased by using phenotypes from conventional trials or drone phenotypes. We include two types of field data in the study. The first is an organic dataset consisting of a three-year trial series on two organically certified locations, including May and June drone phenotypes, and the second is a four-year trial series on four conventional trial locations. Across these datasets, we had phenotypic information for 1061 genotypes representing 3 breeding cycles.
We investigated three different genomic selection approaches evaluating them based on their ability to predict the grain yield ranking of lines grown under organic conditions. The approaches where: 1) a single trait genomic model based on the organic grain yield only, 2) a bivariate model between organic and conventional grain yield data, and 3) a bivariate model combining organic grain yield and drone phenotypes. We evaluated the prediction ability of these approaches using a leave one line out (LOLO) cross validation. The bivariate models were evaluated in two scenarios: In one scenario, no training data was available for the validation line and in the other scenario the phenotype was available for the assisting traits.
The heritability of organic grain yield , conventional grain yield , NDVI , and NDRE in the organic set was estimated using a standard GBLUP model. The genetic correlations between organic grain yield, and the other traits were estimated using bivariate GBLUP models. The additive correlations were quite high at 0.95 between organic and conventional grain yield and moderate at 0.4 for the drone phenotypes. The prediction ability was calculated as the correlation between the breeding values obtained from a LOLO cross validation method and the average phenotype of a line in the organic set, corrected for the fixed effects of location, year and trail.  The additive correlations were quite high at 0.95 between organic and conventional grain yield. The best genomic prediction approach was to combine organic and conventional grain yield in a bivariate model. Especially when the validation line had conventional grain yield included in the training data set, which increased the prediction ability from 0.54 in a single trait model for organic grain yield to 0.61 in a trait assisted model. These results demonstrate that incorporating conventional and drone-measured phenotypes can substantially improve the accuracy of genomic prediction for organic yield, supporting more efficient selection in organic oat breeding.
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Introduction
Organic agriculture has gained significant attention as a sustainable farming practice that promotes environmental stewardship and biodiversity conservation (Willer et al. 2021). Organic agriculture typically relies on natural soil fertility, biological pest control, and minimal synthetic inputs, making disease resistance, nutrient-use efficiency, and stress tolerance essential breeding targets (Murphy et al. 2007) The European Commission's Farm to Fork Strategy has set an ambitious target of reaching 25% of the EU's agricultural land under organic cultivation by 2030 (Paull 2024; Commission 2020; Schebesta and Candel 2020). This goal presents both opportunities and challenges for the agricultural sector, particularly in terms of maintaining productivity while transitioning to organic farming. To achieve this target without compromising agricultural output, there is a persistent need to develop plant cultivars that are specifically adapted to organic conditions. 
Oat  (Avena sativa L.) have gained significant recognition in human nutrition as a valuable functional food due to their exceptional nutritional profile and diverse health benefits (Kim et al. 2021; Hasan et al. 2025; Rasane et al. 2015). Numerous studies have demonstrated the potential of oat consumption in mitigating the risks of cardiovascular diseases, primarily through cholesterol reduction and improved blood pressure regulation (Liska et al. 2022; Grundy et al. 2018; Llanaj et al. 2022). Furthermore, oats have shown promise in managing type-2 diabetes    by helping to balance blood sugar levels and enhance insulin sensitivity. Rich in complex carbohydrates, dietary soluble fiber (particularly β-glucan), high-quality proteins, lipids, phenolic compounds, vitamins, and minerals, oats offer a comprehensive array of essential nutrients (Clemens and van Klinken 2014; Singh et al. 2025; Changan et al. 2025). The rising demand for organic products, combined with the well-documented nutritional benefits of oats has created a substantial market opportunity for organic oat producers. Hence, it’s a prerequisite to use modern breeding techniques to accelerate organic oat breeding . 

Genomic selection (GS) has emerged as a powerful tool for accelerating genetic gain in various species and management environments (Budhlakoti et al. 2022; Zystro et al. 2021). This approach utilizes genome-wide DNA markers to predict the breeding values of individuals, enabling more rapid and efficient selection of superior genotypes (Sinha et al. 2023; Crossa et al. 2017). Studies have demonstrated the effectiveness of GS in oat breeding programs. For instance, Asoro et al. highlighted the potential of GS to improve the accuracy of selection for quantitative traits in elite North American oat populations (Asoro et al. 2011). Additionally, Huang et al. discussed the utility of Genotyping-By-Sequencing (GBS) in identifying superior genotypes, which is crucial for marker-assisted selection and genomic selection (Huang et al. 2014).
However, the application of GS to crops like oats also present unique challenges due to the inherent complexity of oat genome, which is large, polyploidy and highly repetitive (Kamal et al. 2022; Peng et al. 2022). This genomic complexity complicates the identification of reliable markers , which are critical for the accuracy of genomic predictions (Libbrecht and Noble 2015; Zhang et al. 2019). Furthermore, the effectiveness of genomic selection is largely dependent on the size and quality of the training dataset (Chen et al. 2024). In the context of organic breeding programs, most datasets remain relatively small, potentially limiting the accuracy of genomic predictions. To overcome this challenge, there is growing interest in optimizing the use of all available information on breeding populations, including data from conventional yield trials and innovative phenotyping methods such as drone-based imaging (Gano et al. 2024).  Incorporating high throughput phenotyping such as drone imaging into genomic modelling is receiving a lot of scientific attention recently (Hickey et al. 2019; Guo et al. 2020) and if they can contribute to increased genetic gain these methods should be used in breeding for adapted organic cultivars. 

This study investigated the potential to enhance the accuracy of organic breeding values by incorporating phenotypes from conventional trials and drone-based measurements. By the use of diverse data sources, including organic, and conventional field trials, along with drone-derived phenotypes, we aim to develop more robust genomic selection models for organic oat breeding. The research explores the genetic correlations between grain yield measured under different management conditions and evaluates various genomic selection approaches that combine multiple sources of information. Through this comprehensive analysis, we seek to optimize prediction accuracy for organic performance, ultimately contributing to the development of high-performing oat varieties suited for organic cultivation systems. To the best of our knowledge, this is the first study to use a geneomic selection approach in the field of organic oat breeding.

We investigated three different genomic selection approaches and evaluated them based on their performance in predicting the ranking of grain yield of lines grown under organic conditions. The approaches were, 1) a single trait genomic model on the organic grain yield only; 2)  a bivariate model using organic and conventional grain yield data, and 3)  a bivariate model using organic grain yield and drone phenotypes. The prediction ability of the approaches was evaluated by a leave one line out (LOLO) cross validation. The bivariate models were evaluated in two scenarios. One scenario where no training data was available for the validation line and one scenario where the phenotype was available for the assisting trait.
Materials and methods
Field trials  
The plant material consisted of in total 1061 unique genotypes of the spring oat (Avena sativa) breeding population at Nordic Seed A/S representing 3 breeding cycles. The genotypes were tested in 7997 conventional field grain yield trial plots, 321 of the unique genotypes representing 2 of the breeding cycles was in addition tested in organic grain yield field trials on certified organic soil following the rules of Danish organic farming (specifics of the management regime in supplemental material S1). All plots were 8.25 m2 (5.5 × 1.5 m). In addition to scoring grain yield, in the organic field trials NDRE and NDVI were scored by drone twice in each location and year, once in spring and once in early summer. The descriptive statistics for yield for organic and conventional trials, NDVI and NDRE for organic trials are presented in table 1.
Field trials were conducted in 2021 – 2024 (for organic trials 2022-2024) in a randomized incomplete block design with 150 genotypes per trial, 25 subblocks per trial, and 2 reps per genotype. Organic trials were conducted on 2 locations Hellevad, DK (GPS coordinates: 55067688 E, 9238965 N), and Dybvad, DK (GPS coordinates: 571317 E, 6196886 N). Conventional trials was conducted on 3 locations Dyngby, DK (GPS coordinates: 577593 E, 6200820 N), Holeby , DK (GPS coordinates: 54675991 E, 11452710 N), and Nienstädt, DE (GPS coordinates: 52260796 E, 90939080 N). The phenotypic data is summarized in table 1.
The DNA extraction was performed using  DNA extraction was performed using an adapted SDS-based method outlined by Mahmood et al. (2024)(Mahmood et al. 2024). The quality of the extracted DNA was assessed by measuring its concentration and 260/280 nm absorption ratio using an Epoch™ microplate spectrophotometer (Biotek® Instruments, Winooski, VT, USA). At the same time, DNA integrity was evaluated through size separation on a 1.2% (w/v) agarose gel. The plant material was genotyped using an Illumina iSelect  3K SNP oat array. Genotyping was outsourced to TraitGenetics GmbH (Gatersleben, Germany). A total of 1006 single-nucleotide polymorphism (SNP) markers were utilized. Quality control was done by removing SNPs with minor allele frequency (MAF) lower than 1% and call rate lower than 0.90. Genotypes were coded -1,0,1, counting the number of alleles of the reference allele for each locus. Missing genotypes were ~0.3 % and were assigned 0.
The data will be available upon request to the corresponding author.
Statistical modeling
Population structure
The population structure among the breeding lines was evaluated by a PCA on the genotypes based on the SNP data and were performed in R version 4.0.3.
Genomic models 
Two types of genomic models were developed, a single trait model used to assess heritability in all traits and baseline genomic prediction of Grain yield in organic trials. A bivariate model was used to assess prediction of Grain yield in organic trials when supported by one of the other traits. We did not test using more than one supporting trait due to the size of the data set, which put a limit to the number of variances and covariances that could be estimated accurately. 
Single trait model

Where X and Zx is design matrices for fixed and random effects respectively; b is a vector of fixed trial effects nested within year and location, g is a vector of random additive genetic effects with , where  is the genomic additive genetic variance, and G is the genomic relationship matrix (G-matrix). The G-matrix was constructed based on the first method proposed by VanRaden (2008):
 (3) 
where  is the minor allele frequency of the   was calculated as ;  is a matrix of SNP markers coded -1,0,1; and  is a matrix with the minor allele frequencies of SNP  calculated as  for column ; l is a vector of line effects with , where  is an identity matrix and  is the variance due to uncorrelated line effects; gxe is a vector of genotype times year_location interactions with , where  is the variance due to due to uncorrelated genotype by environment effects; t is a vector of block effects with t where  is the spatial variance due to due to block within field, and sb is a vector of subblock effects with t where  is the spatial variance due to due to subblock within field.	
Bivariate models
The bivariate model used to assess prediction of organic grain yield (ogy) in organic trials when supported by one of the other traits (st) was a bivariate version of the described single trait model. The genetic covariances for the additive genetic effect in the two traits were estimated as . All other variances was modelled as uncorrelated.

Heritability calculations
Line mean heritabilities were  calculated as

Where d(G) is the average of the diagonal elements in the G matrix, is the average number of year_location environments per line; is the average number of plots per block; is the average number of plots per subblock; and is the average number of plots per line. 
The relative variance component for each of the other effects in the model was calculated as follows.









CV strategies and PA calculations
The predictive performance of the genomic models was evaluated by a leave one line out (LOLO) cross validation. To evaluate the model performance for lines in early stages that have not been tested yet the phenotype from all traits in the model for the cross validated line was left out. To evaluate the bivariate model performance for lines in later stages that e.g. have been tested in conventional trials but where we want to predict organic performance only the phenotype for the organic part of the model all traits in the model for the cross validated line was left out (trait assisted prediction).
Predictive ability was calculated as the correlation between the cross validated additive genomic value from the organic grain yield part of the model and the line mean organic grain yield corrected for fixed effects estimated by the single trait model for grain yield in organically grown yield plots. 
Software
R 4.03 was used for preparing datasets and performing the PCA analysis. DMU was used for the genomic analysis (Madsen et al. 2014).
Results
Principal component analysis (PCA) revealed no distinct population structure among the 1,061 oat genotypes. The results from the analysis of population structure are visualized in figure 1. These results indicate that the breeding population is genetically homogeneous and suitable for genomic analyses using standard genomic models.
Single trait genomic models 
All single trait models converged successfully. Although not all effects in the model had significant variation in all traits (table 2). However, to ease comparisons between traits the effects in the model were kept the same across all traits.   
All traits had moderate narrow sense line mean heritabilites from 0.49 for grain yield in conventional grown oat to 0.20 for NDRE2 in the organic fields (table 2). 
The prediction ability of the single trait model for organic grain yield was 0.54.
Bivariate genomic models 
The correlations between the additive genetic effects between organic grain yield and the supporting traits estimated by the bivariate models ranged from 0.95 (SD 0.04) to conventional grain yield to 0.4 (SD 0.2) to NDVI or NDRE regardless of the campaign season. 
Among the bivariate models only the model that combined organic and conventional grain yield had better significantly prediction ability than the single trait organic grain yield model  (table 3). When no phenotypic data for the validation line were included in training, prediction ability increased from 0.54 to 0.57. In the trait-assisted scenario, where conventional yield data for the validation line were available, prediction ability further increased to 0.61.

Discussion
Heritability and data quality
The narrow sense heritability for line means of organic grain yield was not significantly different from the narrow sense heritability for line means of conventional grain yield (Table 2). This is an interesting finding because organic environments are typically more heterogeneous, which can reduce heritability due to larger environmental variances (Le Campion et al. 2020). These results demonstrate that well-managed organic trials can provide sufficiently precise phenotypic data for genomic analysis, thereby supporting the inclusion of organic trials in genomic selection pipelines. In addition, this heritability is within the range previously reported for grain yield for other cereals (0.51 in winter wheat (Cericola et al. 2017) and 0.35, 0.48, 0.48, 0.46  in six row winter, two row winter, six row spring and two row spring barley respectively (Skovbjerg et al. 2025b).  This means that the organic field trials of this study were of similar quality as the standard conventional trials and that organic traits should be equally suited to genomic selection. The narrow sense heritability of the four drone traits tended to be lower than the grain yield heritability,  especially for NDRE.  These are consistent with previous studies reporting that vegetation indices are more sensitive to short-term environmental variation and sensor noise (Krause et al. 2019; Adak et al. 2023). Nevertheless, their moderate heritability indicates potential utility for early selection or as supoting traits in multi-trait prediction.
Prediction accuracy single trait model
As expected, we could confirm that genomic prediction was applicable for organic grain yield resulting in a prediction ability of 0.54 from the single trait model for organic grain yield. This prediction ability is considerable higher than the 0.24 for conventional grain yield reported by Asoro et al. (Asoro et al. 2011) for a comparable number of genotypes and SNPs in the training data set. There are several differences between the current study and the one by Asoro et al. that could explain this discrepancy in prediction accuracy. First, Asoro et al. do not report the narrow sense heritability of conventional grain yield, if that was lower than in the current study this could explain the lower correlation between the corrected phenotype and predicted breeding values. Second, the population used in the study of Asoro et al. showed considerable population structure, thus population structure was included as a term in their genomic model and the phenotypes corrected for this effect as well. As we do not see population structure in our study population we do not include a term explicit for population of origin in our genomic models and any genetic variation that could be attributed to population differences in the method used by Asoro et al. will be explained by the genomic relationship in our genomic model resulting in a higher correlation between the corrected phenotype and predicted breeding value in our study.    .
Genetic correlations to supporting traits 
Accuracy of genomic prediction is among other factors dependent on the number of unique genotypes in the training population  (Asoro et al. 2011; VanRaden et al. 2009; Zhong et al. 2009; Nielsen et al. 2016). This poses a challenge for genomic prediction in populations that are either in t he starting phase of a genomic selection program and therefore have not accumulated genotypes and phenotypes in the training set yet or in small crops/markets or for phenotypes that are expensive or laborious to obtain where training data will accumulate only slowly. Methods to mitigate the lack of training data in small training populations include trait assisted prediction where genetically correlated traits support prediction (Fernandes et al. 2018; Kristensen et al. 2019) or utilizing the training data from related populations (Skovbjerg et al. 2025a). For prediction of traits in organic trials there is obvious potential for using similar or identical traits measured in the same breeding population in conventional trials if these data exist. The benefit from these mitigation approaches depends on the genetic correlation between the measured traits (Technow et al. 2013; Raymond et al. 2020), which in the current dataset the correlation between organic grain yield and conventional grain yield was very high 0.95 (Table 3). A genetic correlation above 0.9 will normally be seen as an indicator that the traits in question were identical and should be modeled as one trait. We chose not to do so in this study because the main aim was specifically to predict the breeding panels genetic merit under organic conditions. 
Another potential source for supporting information is drone imaging in the field during the growing season (Krause et al. 2019; Adak et al. 2023; Maggiorelli et al. 2024). The genetic correlation between organic grain yield and NDVI or NDRE from early and late campaigns were 0.4 (Table 3) for all four drone traits and thus considerably lower than the genetic correlation between organic grain yield and conventional grain yield, in addition these estimates had high standard errors (0.2) probably due to the sample size of the dataset being insufficient to estimate the many parameters in the bivariate model (Thompson and Meyer 1986). Moreover, the limited correlation may also reflect that the vegetation indices were measured at fixed time points, whereas yield integrates growth processes over the entire season. Dynamic time-series phenotyping or combining multiple indices could better capture yield-related physiological dynamics in future studies. 
Prediction accuracy bivariate models
As could be expected the highest prediction ability among the bivariate models was the prediction accuracy of 0.57 (SE 0.05) (Table 3) from the bivariate model between organic grain yield and the trait with the highest genetic correlation to grain yield of the tested traits namely conventional grain yield. This increase was probably due to better characterization of the additive genomic variation for organic grain yield through the genetic correlation to the conventional grain yield phenotypes that includes both more lines and more environments than the organic grain yield phenotypes (Jia and Jannink 2012). The advantage from this model increased even further to 0.61 when conventional grain yield phenotypes for the validation line were in the training dataset. Thi is due to the accurate information of the realized genetic merit of the individual validation line for conventional grain yield. This trait assisted prediction ability mimicked a situation where a conventional breeding program is used to select candidates for cultivars aimed for organic growing at a stage where the breeding lines have yield phenotypes from conventional trials. The observed 7-percentage point improvement in accuracy indicates that existing conventional trial data can substantially reduce the need for large organic training populations, offering a practical and resource-efficient path for accelerating organic oat cultivar development.
Using drone phenotypes obtained in the organic field trials in spring and early summer resulted in non-significant decreases in prediction ability, only if drone phenotypes were available for the validation line as trait assisted prediction, the prediction ability was increased to 0.55 (Table 3). As the drone phenotypes are obtained before harvesting, it is possible to predict organic grain yield with higher precision in the time window between the drone flights and harvest. In addition, drone phenotypes could potentially assist prediction in the event of harvest failure. We could not see significant differences between the four drone phenotypes in prediction ability for organic grain yield (The estimates varied on the third digit).
Breeding implications and future perspectives 
From a breeding perspective, these findings highlight the significant potential of jointly modeling genomic data from both organic and conventional systems. The high genetic correlation observed between the two production environments indicates that selection decisions derived from conventional data are likely to translate effectively to organic performance, particularly in the early breeding generations. Nonetheless, direct evaluation under organic conditions remains indispensable for selective traits specifically adaptive to these systems, such as nutrient-use efficiency, weed competitiveness, and resistance to soil-borne pathogens  (Lammerts van Bueren and Myers 2012).
A strategic implementation could involve a multi-stage selection pipeline: (1) early selection using conventional and genomic data, and (2) targeted organic testing in later stages for verification of adaptation. This approach would maximize data utilization while maintaining selection accuracy under organic conditions.
Future research should focus on expanding the organic training population, including more environments and years to improve the estimation of G×E interactions. Moreover, extending multi-trait genomic prediction frameworks to incorporate temporal drone phenotypes or environmental covariates has the potential to enhance the  capture of physiological responses and stress dynamics that are relevant to organic systems (Heslot et al. 2014; Millet et al. 2019)￼.
Conclusions
Overall, our results demonstrated that genomic prediction for organic grain yield in oat is feasible with moderate to high accuracy. Genetic correlation between organic and conventional grain yield was very high whereas the genetic correlation between organic grain yield and drone phenotypes was moderate. The best genomic prediction approach was found to be the combination of organic and conventional grain yield in a bivariate model. Especially when the validation line had conventional grain yield included in the training data set. These findings emphasize that integrating conventional trial data represents an efficient and effective strategy to accelerate genetic gain in organic breeding programs, particularly in the early stages of genomic selection implementation.
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Table 1: summary of the phenotypic data included in the study
	Trait
	Trial type
	plots
	Mean
	SD
	Min
	Max

	Grain yield (hk/ha)
	Conventional
	7997
	70.59
	19.19
	13.31
	123.72

	Grain yield (hk/ha)
	Organic
	1037
	60
	20
	25
	100

	NDRE1
	Organic
	1340
	0.25
	0.11
	0.13
	0.51

	NDRE2
	Organic
	1268
	0.501
	0.05
	0.37
	0.6

	NDVI1
	Organic
	1340
	0.53
	0.21
	0.23
	0.93

	NDVI2
	Organic
	1268
	0.89
	0.026
	0.75
	0.93






Table 2: Relative variance components from single trait models of each of the traits investigated. 
	Trait
	
	
	
	
	
	

	OGY
	0.43 (0.08)
	7E-07 (0.08)
	0.295 (0.07)
	0.00872 (0.008)
	0.006 (0.003)
	0.26 (0.03)

	CGY
	0.49 (0.04)
	0.13 (0.03)
	0.13(0.01)
	0.081 (0.008)
	0.008 (0.002)
	0.15 (0.01)

	NVDI.1
	0.35 (0.07)
	0.16 (0.08)
	0.36 (0.07)
	0.001 (0.003)
	0.0013 (0.0006)
	0.13 (0.02)

	NVDI.2
	0.34 (0.07)
	0.27 (0.08)
	0.04 (0.06)
	0.005 (0.007)
	0.003 (0.002)
	0.35 (0.04)

	NDRE.1
	0.26 (0.07)
	0.21 (0.08)
	0.39 (0.08)
	0.002 (0.004)
	0.002 (0.001)
	0.14 (0.01)

	NDRE.2
	0.20 (0.07)
	0.07 (0.1)
	0.21 (0.1)
	0.005 (0.009)
	0.01 (0.005)
	0.51 (0.05)

	
	
	
	
	
	
	


Standard deviation in parentheses. Organic grain yield is abbreviated OGY, conventional grain yield is abbreviated CGY.

Table 3: The additive genetic correlation between organic grain yield (OGY) and the other traits where estimated from bivariate genomic models Prediction ability for a new genotype was estimated by LOLO cross validation from models with all phenotypes of the validation line removed from the training data set. Prediction ability TA for a genotype with phenotype of some traits but not yet OGY was estimated by LOLO cross validation from models with all OGY phenotypes of the validation line removed from the training data set..
	             
	trait 2
	additive genetic correlation (SE)
	prediction ability (SE)
	prediction ability TA (SE)

	OGY
	
	
	0.54 (0.05)
	

	OGY
	CGY
	0.95 (0.04)
	0.57 (0.05)
	0.61 (0.05)

	OGY
	NDVI1
	0.4 (0.2)
	0.53 (0.05)
	0.55 (0.05)

	OGY
	NDVI2
	0.4 (0.2)
	0.53 (0.05)
	0.55 (0.05)

	OGY
	NDRE1
	0.4 (0.2)
	0.53 (0.05)
	0.55 (0.05)

	OGY
	NDRE2
	0.4 (0.2)
	0.53 (0.05)
	0.55 (0.05)


Conventional grain yield is abbreviated to CGY. Standard errors of the estimates are in parentheses. 
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Figure 1: Scores of the first two principal components from a PCA on 1006 SNP genotypes of the 1061 lines included in the study. The lines are coded according to breeding cycle. The two breeding cycles included in the organic trials are red or green.
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