
Is the SpATS model as good as we would like it 
to be for the spatial analysis of field trials?

Background Plant breeding programs aim to find genotypes with improved characteristics. Genotypes are tested in field trials where spatial variability is

usually present (influencing their performance). Accounting for this variability in the data analysis is crucial for an efficient selection of the best genotypes. Generally
this analysis is based on a laborious linear mixed model (LMM) approach [1]. A novel and much simpler LMM approach, Spatial Analysis of field Trials with Splines
(SpATS) [2], has been developed and it has exhibited similar performance to the standard model for large partially replicated sorghum trials [3]. In this research, the
SpATS model’s performance is evaluated under different scenarios, such as different crops, different trial sizes and different experimental designs.

Materials
 14 mungbean & 17 chickpea breeding trials spanning 12 years; 90-1128 plots; 30-768 genotypes; fully and partially replicated designs.
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LMM under the standard approach is
𝒚 = 𝑿𝝉 + 𝒁𝑔𝒈 + 𝒁𝑢𝒖 + 𝝃 + 𝒆

• Separable variance structure for an auto-regressive process across
rows and columns in the field.

• Fixed and random effects to account for different spatial trends.

• Multi-step model fitting procedure based on residual diagnostic plots
(Fig. 1) and formal tests to obtain the best spatial model.

• Different models likely to be fitted for different trials.

• Paid license (ASReml-R)[4].

Term Meaning
Design 
matrix

𝜷
Overall mean and 
additional fixed effects

𝑿

𝜷𝑠
Fixed spatial effects 
(unpenalised)

𝑿𝑠

𝒔
Random spatial effects 
(penalised); ~𝑵(𝟎, 𝑺)

𝒁𝑠

𝒈
Random genotypic 
effects; ~𝑵(𝟎, 𝜎𝑔

2𝑰)
𝒁𝑔

𝒖
Random row, column & 
block effects; ~𝑵(𝟎,𝑼)

𝒁𝑢

𝒆
Independent errors; 
~𝑵(𝟎, 𝜎𝑒

2𝑰)
−

add cubic spline in column direction add random row effect final model

Fig. 1. Sample variograms for yield for a chickpea trial. In each step, the researcher adjusts an effect (fixed or
random) according to the observed trends in the residuals and evaluates them through formal tests.

Conclusions
• SpATS model showed consistent results to the Standard approach in many

different scenarios. No differences for different experimental designs or trial size.
• More flexible: Spearman correlations for chickpea trials were not as strong as

correlations for mungbean trials (Fig. 3a) due to more complex trends, which
SpATS likely accounted for more accurately than Standard model.

• Greater time-efficiency: A general model (given the number of knots) is obtained
within seconds.

• Non-subjective single-step process: The fitted spatial surface is sufficiently
flexible to account for the spatial variability regardless of its nature and the
penalty is applied automatically.

• Publicly available: SpATS is freely available for researchers who cannot afford the
license for the Standard approach package (ASReml-R [4]).

• Anyone can use SpATS: No LMM knowledge is required to fit the model and
obtain genotypic predictions.

Further research for the SpATS model 
• Analysis of Multi-Environment Trial data.
• Incorporation of available genetic information (e.g. pedigree).
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Number of parameters for the fitted spatial surface & penalty
• Under the PS-ANOVA parametrization, 𝒔 = vec 𝒔𝑘 𝑘 = 1,… , 5.

• Smoothing parameters tune the degree of smoothing and are estimated by REML [7];

𝜆𝑠𝑘 = 𝜎𝑒
2/𝜎𝑠𝑘

2 = residual variance/the kth spatial effect variance

o Complex spatial trends (𝜎𝑠𝑘
2 → ∞), 𝜆𝑠𝑘 → 0 ⇒ lower penalty ⇒ more parameters.

o Smooth spatial trends (𝜎𝑠𝑘
2 → 0), 𝜆𝑠𝑘 → ∞⇒ higher penalty ⇒ less parameters.

• The degree of flexibility of the function depends on the number of knots, which depend
on the number of rows and columns of the trial;

o If the number of knots > needed ⇒ 𝜆𝑠𝑘’s prevent overfitting.

o If the number of knots < needed ⇒ 𝜆𝑠𝑘’s do not provide extra flexibility.

• It is preferable to choose a number of knots that exceeds the needed to provide the
function enough flexibility [8]. This does not result in more computational time for the
analysis of field trials.

LMM under the new approach is
𝒚 = 𝑿𝜷 + 𝑿𝑠𝜷𝑠 + 𝒁𝑠𝒔 + 𝒁𝑔𝒈 + 𝒁𝑢𝒖 + 𝒆

• Penalised splines function fits the spatial
surface under PS-ANOVA parametrization [5],
decomposing the spatial effects, 𝒔, into five
mutually independent spatial components.

• Smoothing parameters automatically adjust
degree of penalty.

• Single-step model fitting procedure (Fig. 2).

• A general model is fitted for different trials;
the number of knots must be chosen.

• Free R-package (SpATS) [6].

fitted spatial surface
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Results

Fig 3. (a) The correlation between the ranking of predicted genotypic effects for both models ranged between 0.93 &
0.99 (for both crops), showing a strong agreement on ranking of genotypic predictions. (b) Similarity in computed
heritability (the dots are very close to the identity diagonal) for both crops (green, mungbean; orange, chickpea),
reflects consistency in trial precision.
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Fig. 2. Higher yield patches in the middle of the field and lower yield at the sides due to spatial trends (raw data). The fitted
data is accurate due to the efficiently fitted spatial surface. No remaining trends can be seen in the residuals.

Term Meaning
Design 
matrix

𝝉 Overall mean and additional fixed effects 𝑿

𝒈 Random genotypic effects; ~𝑵(𝟎, 𝑮) 𝒁𝑔

𝒖 Other random effects (e.g. row or column); ~𝑵(𝟎,𝑼) 𝒁𝑢
𝝃 Correlated errors; ~𝑵(𝟎, 𝑹) −

𝒆 Independent errors; ~𝑵(𝟎, 𝜎𝑒
2𝑰) −
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