
Plant material 

For this study, 84 winter wheat (Triticum aestivum L.) lines with 15K SNP genotypic data 

(Additional file 1: Table S1) were selected. The lines included high yielding northern, and 

central European varieties and advanced breeding lines from Sejet Plant breeding and Nordic 

Seed. These winter wheat lines were planted in a semi-field root phenotyping facility [6] having 

a capacity of 300 rows per experimental unit (bed), 150 rows in the north side and 150 rows in 

the south side of the unit. As shown in Error! Reference source not found., two experimental 

units (unit 1 and 2) were used for this experiment. In each unit, there were equal number of rows 

(150) located in both south half of the unit and north half of the unit. Therefore, there were four 

locations involved in this experiment, i.e. south part in unit 1, north part in unit 1, south part in 

unit 2, and north part in unit 2. Each replicate was sown in rows covering one side of the facility 

so that 150 rows were tested in each side of a bed and there were 600 rows in total. A water 

availability gradient was induced by using rainout shelters combined with a custom-made 

subsurface irrigation system. In each row, this subsurface irrigation system allowed the variation 

of the depth distance to the water supply and there were 2 areas including a border-area and a 

mid-area in each row. 

Four grain-related traits (Additional file 1: Table S2) were analyzed in this study: grain yield 

(GY), protein concentration (PC), total nitrogen content (NC) and thousand kernel weight 

(TKW). For these traits, each row was split into wet and dry areas and harvested separately, as 

the border-area and the mid-area shown in Error! Reference source not found., respectively. 

Therefore 1,200 observations were available, with 2 beds, 150 rows within each bed, each row 

split into 2 positions, north and south, and within each row, a wet and a dry area. GY was 

calculated based on the respective area of each sample and the dry grain weight and expressed as 



t/ha. PC was determined using near-infrared spectroscopy (Intratec grain analyser, Foss, 

Hilleroed, Denmark) and expressed in percentage of GY. NC was estimated from GY and PC as 

𝑁𝐶 =
𝐺𝑌×𝑃𝐶

6.25
 (ISO 16634-2:2016 2016). The TKW was determined as a measure for kernel size. 

The detailed description of grain-related data can also be found in a previous study [6]. 

Minirhizotron imaging and root data 

One side in each bed was equipped with multispectral minirhizotron (MR) tubes, and two root 

traits were analyzed in this study. Root imaging was done by using a MR imaging system [27]. 

The imaging system deliver an estimate of living root length for each image using a neural 

network image analysis strategy [26]. The root data are based on root imaging made on 18th June 

2018, where a total of 21,057 root images were recorded by 4 cameras from the 300 

minirhizotrons. The root images were made along the upwards facing side of the minirhizotrons, 

covering a soil depth interval of 0.70 m to 2.70 m [6]. On average, there were 56 images (4x5 

cm) used for each MR-tube after editing. Tube root length (TRL, Additional file 1: Table S3) 

was expressed as the total length of living roots found in all the images taken from each MR-

tube. Interval root length (IRL, Additional file 1: Table S4) was expressed as the total length of 

living roots found in all the images taken from each depth interval in each MR-tube. The root 

data were edited as follows before being the genetic analysis:   

1. remove records with no observation  

2. divide depth into 8 depth intervals and remove records from above 1.2 m or below 2 m 

soil depth  

3. for each interval, remove records out of mean±3sd 

4. remove records from lines without genomic information 



The number of records kept in each step can be found in Error! Reference source not found. 

and the detail depth interval can be found in Error! Reference source not found.. After editing by 

rules from step 1 to 4, 14,270 records were kept for further analysis, i.e. to calculate root length 

from intervals in each tube and root length for each tube. 

Statistical model and methods 

Two sets of models, with or without the effect of neighbors from both sides of each row were 

applied to each trait in this study. 

For grain-related data, the following models were applied: 

𝒚 = 𝑿𝒃 + 𝒁𝒈𝒈 + 𝒁𝒍𝒍 + 𝒁𝒓𝒓 + 𝒁𝒔𝟏
𝒔𝟏 + 𝒁𝒔𝟐

𝒔𝟐 + 𝒆,      (GM1) 

𝒚 = 𝑿𝒃 + 𝒁𝒈𝒈 + 𝒁𝒍𝒍 + 𝒁𝒈𝒏
𝒈𝒏 + 𝒁𝒍𝒏

𝒍𝒏 + 𝒁𝒓𝒓 + 𝒁𝒔𝟏
𝒔𝟏 + 𝒁𝒔𝟐

𝒔𝟐 + 𝒆,   (GM2) 

In GM1, y referred to the vector of phenotypes for one trait, b was fixed effect of bed-position-

area, g was genomic effect, l was line effect, r was row effect, s1 and s2 were the spatial effect for 

area 1 (wet) and 2 (dry), respectively, X, Zg, Zl, Zr, 𝒁𝒔𝟏
, 𝒁𝒔𝟐

 were the corresponding designed 

matrices allocating phenotypic records to b, g, l, r, s1, s2, and e was a vector of residual terms. In 

GM2, in addition to effects in GM1, effects of neighbors were modeled and gn was genomic 

effect for neighbors, ln was line effect for neighbors, 𝒁𝒈𝒏
, 𝒁𝒍𝒏

 were the corresponding designed 

matrices allocating phenotypic records to gn, ln. In these models, g, l, gn, ln, r, s1, s2,  and e were 

random parameters with assumptions 𝒈~𝑁(0, 𝑮𝜎𝑔
2), 𝒍~𝑁(0, 𝑰𝜎𝑙

2) , 𝒈𝒏~𝑁(0, 𝑮𝜎𝑔𝑛
2 ), 

𝒍𝒏~𝑁(0, 𝑰𝜎𝑙𝑛

2 ), 𝒓~𝑁(0, 𝑰𝜎𝑟
2), 𝒔𝟏~𝑁(0, 𝑰𝜎𝒔𝟏

2 ), 𝒔𝟐~𝑁(0, 𝑰𝜎𝒔𝟐
2 ), 𝒆~𝑁(0, 𝑰𝜎𝑒

2), and the random 

effects were assumed to be independent of each other. G denoted the genomic additive 

relationship matrix [19], and I denoted an identity matrix.  



The modeling of spatial effect was realized by identifying the location for each sample. Then the 

combination of the location for a sample together with the locations for 5 neighbors from each 

side of this sample was treated as the spatial effect. The total spatial effect on a row is thus the 

sum of the joint effect of 11 row locations. Border effects at the ends of the beds were handled 

by including virtual rows outside the facility. The effect of neighbors was the joint effect of the 

two nearest neighbors of each sample, one from the west side and one from the east side. 

For TRL data, the following model was applied: 

𝒚 = 𝑿𝟏𝒃𝟏 + 𝑿𝟐𝒃𝟐 + 𝒁𝒈𝒈 + 𝒁𝒍𝒍 + 𝒁𝒔𝒔 + 𝒆,       (RM1) 

where b1 was fixed effect of bed, b2 was fixed effect of camera, s was spatial effect, X1, X2, Zs 

were the corresponding designed matrix allocating phenotypic records to b1, b2 and s. In these 

models, s was random parameter with 𝒔~𝑁(0, 𝑰𝜎𝑠
2) and was assumed to be independent from 

other effects. y, g, l, e, Zg, Zl, G and I were same as in GM1. 

And for IRL data, the following model for repeated records was applied: 

𝒚 = 𝑿𝟏𝒃𝟏 + 𝑿𝟐𝒃𝟐 + 𝑿𝟑𝒃𝟑 + 𝒁𝒈𝒈 + 𝒁𝒍𝒍 + 𝒁𝒓𝒓 + 𝒁𝒔𝒔 + 𝒆,     (RM2) 

where b3 was fixed effect of depth interval, X3 was the corresponding designed matrix allocating 

phenotypic records to b3. y, g, l, r, e, Zg, Zl, Zr, G and I were same as in GM1. b1, b2, s, X1, X2 

and Zs were same as in RM1. 

The models applied in this study were developed based on preliminary investigations. First, 

genomic by water gradient effects were investigated and the variance of genomic by water 

gradient effects were all not significant from 0. Secondly, spatial effects were investigated in 

each wet or dry area separately, and the results showed that the variances of spatial effects were 

different in the two divisions of the water gradient. Thirdly, neighbor effects were first modeled 



as different effects of varieties east or west of the proband. Initial results showed that the 

correlation of neighbor effects from two sides was close to 1 and therefore could be combined 

into one effect with common variance. Finally, the neighbor effects were modeled for root traits 

but it was difficult to carry out prediction using such complex model on these traits due to the 

few rows with MR-tubes. Therefore, the models described in the last paragraphs were applied 

and compared in this study.  

Estimation of variance components 

All models were analyzed by the restricted maximum likelihood method (REML) using the 

DMU software package [39]. Relative variance components (RVC), which was the percentage of 

each weighted VC accounted for the total phenotypic variance for each line, was computed. The 

phenotypic variance of line means was calculated as the sum of weighted variance components:  
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where �̅� was the average diagonal of the G matrix, nr was the average number of rows for each 

line, 𝑛𝑠𝑖
 and ns were the average numbers of spatial environments for each line, and i was 1 (wet) 

or 2 (dry), and ne was average number of replicates across all fields for each line. For the grain-

related traits which having two areas (wet and dry), the phenotypic variance was calculated for 

each area separately due to the difference in spatial variance in the two area levels. The RVC of 

g was equivalent to estimated narrow sense heritability (ℎ2̂) in this study, which was the narrow 



sense heritability (h2) of a line mean and thus a function of the experimental design as is 

commonly done in the plant breeding community. 

In addition, the coefficient of genomic variation (cv) was calculated for each trait, according to 

𝑐𝑣 =
𝜎𝑔

�̅�
, in which 𝜎𝑔 was the square root of genomic variance and �̅� was the average of 

observations for each trait. 

Genomic prediction and cross-validation 

To estimate the accuracy of genomic breeding values (GEBVs), a leave-one-line-out cross-

validation (CV) strategy was applied. In each CV round, the phenotypes of one line were masked 

and then all other lines were used to train the prediction model and to predict the line with 

phenotypes masked and this was continued until all lines were predicted. 

Before CV, the whole dataset was used to estimate VCs and fixed effects. Corrected phenotypes 

(yc) were computed by subtracting the estimates of the fixed effects. Predictive ability (PA) was 

measured as 𝑐𝑜𝑟(𝑦�̅�, �̂�), and theoretically, it cannot be larger than the square root of h2 [40], 

which was for line means in this study, because breeding values predict genetic effects and not 

the environment. 𝑦�̅� was the average yc for each line. Furthermore, to assess inflation of GEBVs, 

the regression coefficient of 𝑦�̅� on �̂� was calculated, where a regression of unity indicates no 

inflation. 

 


