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Supplementary figures:
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Description automatically generated]Fig. S1 Schematic representation of field design in a field trial. The testing rows represent the field rows where experimental lines are planted. Spreader rows, consisting of highly susceptible lines, that are used to facilitate the uniform spread of inoculum. Target plot and the surrounding eight plots were used to account for spatial and IGEs of the neighbors for all the observation plots in RMMM and RMMM+IGE model.
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Fig. S2 Block-diagonal matrices representing genotype × year interactions for foliage maturity and late blight scores. Each diagonal block corresponds to a year of testing.

Supplementary tables:
Table S1 Dates of drone flight missions during the three-year testing period.
	Flight Mission
	2022
	2023
	2024

	1st 
	18th July
	12th July
	18th July

	2nd
	5th August
	31st July
	25th July

	3rd
	9th August
	2nd August
	29th July

	4th
	11th August
	3rd August
	31st July

	5th
	
	4th August
	

	6th
	
	11th August
	



Table S2 Descriptive statistics of AUDPC and variance adjusted AUDPC records across different market segments.
	Group
	Designation
	No. of records
	Mean
	Standard deviation
	Coefficient of variation

	
	
	
	Adjusted AUDPC
	AUDPC
	Adjusted
AUDPC
	AUDPC
	 (%)

	1 
	Table north (Very early)
	74
	56.99
	87.90
	21.44
	42.3
	37

	2
	Table north
(Early)
	109
	25.93
	40.66
	21.15
	37.5
	81

	3
	Table north
(Mid/Late)
	1703
	44.72
	77.33
	24.67
	49.0
	55

	4
	Table south
	1253
	44.23
	72.32
	21.73
	42.2
	49

	5
	Table red skin
	16
	20.33
	34.00
	12.20
	28.6
	60

	6
	Table specialties 
	165
	38.61
	70.56
	22.27
	41.4
	57

	7
	Table export with frying quality
	1163
	38.16
	61.96
	20.02
	37.4
	52

	8
	French fries
	1502
	44.33
	84.79
	18.35
	47.1
	41

	9
	Crisps
	763
	38.48
	62.70
	18.67
	40.0
	48

	10
	Starch
	2985
	37.86
	51.52
	16.89
	30.9
	44

	11
	Colored skin (Purple)
	4
	37.76
	54.00
	5.95
	8.50
	15

	12
	Starch (KMC)
	334
	33.46
	47.60
	17.96
	27.3
	57

	13
	Late blight resistant parents 
	4
	51.60
	51.60
	15.54
	15.5
	30



Table S3 Descriptive statistics of AUDPC and Adjusted AUDPC records across three years of testing.
	Year
	No. of lines
	No. of records
	Average

	Standard
Deviation
	Coefficient of variation

	
	
	
	Adj_AUDPC
	AUDPC
	Adj_AUDPC
	AUDPC
	

	2022
	1717
	3078
	53.48
	53.48
	19.4
	19.4
	36

	2023
	975
	2970
	41.27
	108.50
	17.77
	46.7
	43

	2024
	1212
	4000
	30.49
	43.61
	16.84
	24.1
	54

	Overall
	3197
	10048
	40.72
	65.83
	20.32
	42.12
	49



Table S4 Descriptive statistics for foliage maturity records across different market segments.
	Group
	No. of records
	Mean
	Standard
deviation
	Coefficient of variation

	1
	160
	7.54
	0.87
	11

	2
	142
	6.80
	1.17
	              17 

	3
	1853
	6.50
	1.11
	17

	4
	1548
	6.23
	1.20
	     19

	5
	20
	5.50
	1.64
	29

	6
	172
	6.94
	1.50
	21

	7
	1508
	6.35
	1.22
	19

	8
	1470
	6.27
	1.13
	18

	9
	1873
	6.33
	1.25
	19

	10
	3398
	6.52
	1.22
	18

	11
	6
	6.00
	0.89
	14

	12
	956
	6.12
	1.24
	20



Table S5 Descriptive statistics for foliage maturity records across different years of testing.
	Year
	No. of lines
	No. of records
	Mean
	Standard deviation
	C.V

	2020
	273
	1056
	6.35
	0.94
	14

	2021
	38
	72
	6.46
	0.89
	13

	2022
	1005
	2791
	6.15
	1.40
	22

	2023
	1210
	3085
	6.14
	0.88
	14

	2024
	802
	2798
	6.57
	1.40
	21

	2025
	669
	3304
	6.73
	1.12
	16



Table S6 Estimated variance components under RC (Row-Column) model for late blight resistance.
	Models
	
	
	
	
	
	
	
	

	RC
	88.495.64
(30.16%)
	27.023.38
(9.20%)
	26.905.06
(9.18%)
	14.3510.83
(4.89%)
	11.291.97
(3.85%)
	25.102.50
(8.55%)
	100.271.78
(34.17%)
	293.42


(The number in the parenthesis represents contribution of each variance components to total variance)
Table S7 Estimated variance components under RMMM (Random Moving Mean Model), RMMM+IGE (Random Moving Mean Model with IGEs), LB+SEN (Bivariate Model) and Res_LB+SEN (Residual Breeding Value) models for late blight resistance.
	Models
	
	
	
	
	
	
	

	RMMM
	89.075.60
(32.40%)
	31.203.44
(11.35%)
	22.914.69
(8.33%)
	77.582.97
(28.2%)
	

	54.04.80
(19.64%)
	274.86

	RMMM+IGE
	93.905.72
(34.02%)
	29.363.35
(9.55%)
	19.734.36
(7.15%)
	72.813.24
(26.38%)
	4.771.44
(1.73%)
	55.301.82
(20.03%)
	275.99

	LB+SEN
	94.535.70
(34.21%)
	29.173.31
(10.56%)  
	19.904.35
(7.20%)
	72.813.06
(26.34%)
	4.591.44
(1.66%)
	55.351.82
(20.01%)
	276.35

	Res_LB+SEN
	64.455.70
(26.17%)
	29.173.31
(  11.84%)
	19.904.35
(8.08%)
	72.813.06
(29.57)
	4.591.44
(1.84%)
	55.351.82
(22.48%)
	246.27


(The number in the parenthesis represents contribution of each variance components to total variance)
Heterogeneity of variance
In our study, a univariate model was initially fitted to raw observations from three years of testing to assess the assumption of homogeneity and normality of residuals. Visual inspection of residual plots revealed violation of the homogeneity assumption, requiring further examination. Subsequently, a multi-environmental (ME) model as defined below was fitted.
ME:                                      
Where, ) and y, g , sca,and e are the phenotype records, breeding values, specific combining effects and residuals for three different year of testing.
The total phenotypic variance for each year was estimated as   
Scaling factors were then derived as ratios of phenotypic standard derivations relative to reference year (2022); , where  are the estimates of phenotypic standard deviation obtained as above from year 2022, 2023, and 2024.
Standardization was followed as:   , Where  are the adjusted value for year 2022, 2023 and 2024, and are the raw observation for year 2022, 2023 and 2024 respectively.
[image: ]
Fig. S3 Distribution of raw and adjusted AUDPC observation and residuals across different year of testing. X-axis represents each individual plots. A. Distribution of AUDPC across three different years of testing; observation in 2023 were generally higher than in other years. B. Residuals from a univariate model for AUDPC, showing heterogenous residuals that must be accounted for to prevent biases in the estimated parameters. Distribution of the Adj_AUDPC across different years of testing. D Residuals from a univariate model for the adjusted AUDPC (Adj_AUDPC), showing that the variance-stabilizing transformation reduced residual heterogeneity.
Table S8 Variance estimates for raw observation and adjusted AUDPC in Multi Environmental (ME) model.
	Variance Components
	AUDPC
	Adj_AUDPC

	
	2022
	2023
	2024
	2022
	2023
	2024

	
	116.14
	619.92
	293.22
	116.14
	89.61
	143.45

	
	57.57
	116.47
	38.15
	57.60
	16.3
	18.7

	
	81.63
	710.46
	98.1
	81.63
	102.78
	42.56

	
	25.8
	496.28
	129.98
	25.80
	71.79
	63.56

	
	281.14
	1943.13
	559.45
	281.17
	277.48
	268.27



The variance estimates obtained from the multi-environment model varied across years of testing. The highest variance was observed in the 2023 dataset across all variance components, indicating that the differences were consistent across all modeled effects and suggesting that the heterogeneity of variance primarily occurred at phenotypic level.
The scaling terms c1, c2 and c3 described above requires justification. Two possible explanations could be proposed. Firstly, heterogeneity of variance components at a phenotypic level across multiple years of testing may arise from all variance components. For instance, genetic variance may differ across years because only a subset of lines is repeated across all year of testing (though all of them share ancestry), spatial effects may vary as testing field are changed annually, while error variance could capture difference in the disease progression and environmental factors across years. Other factors, such as variation in effectiveness of controlled disease spread or difference in the pathogen strain used for inoculation, may also contribute. Overall, all of these factors could explain the heterogeneity of variation observed at a phenotypic level. A potential approach to address this would be to fit separate models for each year; however, the resulting year-specific GEBVs have limited utility because a certain year cannot be replicated. This approach would be more appropriate for multi-location trials, but in the current context, univariate models applied to adjusted score might be more appropriate. 
Another possible explanation is that the observed variance might also be due to inconsistencies in scoring system. Disease scoring was performed using drone-based imaging with Machine Learning (ML) algorithms that evolved over the trial period. Updates to the algorithm as more date were incorporated may have changed the scoring scales across years. Such inconsistencies could necessitate a transformation to place all observations on a comparable scale. Without such adjustment, lines tested only in 2023 (higher disease pressure) may appear more susceptible due to higher disease score, resulting in lower estimated GEBVs for resistance. Conversely, lines evaluated only in 2022 (lower disease pressure) may appear more resistance because disease score were generally lower that year. If selection is performed without correction, there is a risk of inadvertently favoring genotypes that were tested only in 2022 due to their apparently higher GEBVs for resistance. The genetic correlations between years also indicate that genetic ranking of lines is the same in different years.
Therefore, applying an appropriate correction approach is needed for unbiased estimation of breeding value. 
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