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Limagrain Field Seeds

A priori
1) Experimental Design 2) Field Trial

A posteriori
3) Trial Analysis

 Randomisation
 Replication
 Blocking

For example yield trial 𝒀𝒀~𝑁𝑁 𝟏𝟏𝟏𝟏 + 𝑿𝑿𝝉𝝉 + 𝒁𝒁𝜷𝜷,𝜮𝜮
Estimate

genotypic values
& block effects

Field Trials – Classical Principles
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John, J.A., and Williams, E.R., Cyclic and Computer 
Generated Designs, (Monographs on Statistics and Applied 
Probability 38), London: Chapman & Hall (1995)

Fisher, R.A., The design of experiments,
8th ed, New York: Hafner (1971)



Limagrain Field Seeds

A priori
1) Experimental Design 2) Field Trial

A posteriori
3) Trial Analysis

‘Block what you can, 
randomise what you

cannot‘

For example yield trial 𝒀𝒀~𝑁𝑁 𝟏𝟏𝟏𝟏 + 𝑿𝑿𝝉𝝉 + 𝒁𝒁𝜷𝜷,𝜮𝜮
‘Analyse as
randomised‘

Field Trials – Classical Principles
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Limagrain Field Seeds

Randomised Complete Block 
Design (RCBD)
Cond. residuals �𝒆𝒆 = 𝑒̃𝑒𝑖𝑖
with 𝑒̃𝑒𝑖𝑖= 𝑦𝑦𝑖𝑖 − �𝐸𝐸 𝑦𝑦𝑖𝑖 𝑦𝑦 −𝑖𝑖 for i = 1, ... , n
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A priori
1) Experimental Design 2) Field Trial

A posteriori
3) Trial Analysis

‘Block what you can, 
randomise what you

cannot‘
𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑:
define blocks based on a 
priori information (RCBD)

Split harvest in two days (e.g., due to
large size of the field)

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
field effects

𝒀𝒀~𝑁𝑁 𝟏𝟏𝟏𝟏 + 𝑿𝑿𝑿𝑿 + 𝒁𝒁𝜷𝜷,𝜮𝜮
‘Analyse as
randomised‘

𝒁𝒁 = 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
encodes for block effects
(RCBD)
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Field Trials – Classical Principles in Theory
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�𝒆𝒆 = 𝑒̃𝑒𝑖𝑖 is iid

Haslett, J., and Haslett, S. J., The three basic types of 
residuals for a linear model, International Statistical Review (2007)



Limagrain Field Seeds

A priori
1) Experimental Design 2) Field Trial

A posteriori
3) Trial Analysis

‘Block what you can, 
randomise what you

cannot‘
𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
define blocks based on a 
priori information (RCBD)

Split harvest in two days (e.g., due to
large size of the field)

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
field effects

𝒀𝒀~𝑁𝑁 𝟏𝟏𝟏𝟏 + 𝑿𝑿𝑿𝑿 + 𝒁𝒁𝜷𝜷,𝜮𝜮
‘Analyse as
randomised‘

𝒁𝒁 = 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
encodes for block effects
(RCBD)

0 1 2 3 4 5 6 7

0

1

2

3

4

5

10 9 7 2 49 12 14 1

11 19 20 15 21 43 50 4

18 47 48 42 3 51 17 8

1 42 51 19 17 7 10 20

47 43 4 49 3 8 11 9

12 18 50 14 2 21 48 15

Fieldplan

1

2

Field Trials – Classical Principles in Practice
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Limagrain Field Seeds

A priori
1) Experimental Design 2) Field Trial

A posteriori
3) Trial Analysis

‘Block what you can, 
randomise what you

cannot‘
𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
define blocks based on a 
priori information (RCBD)

Split harvest in two days (e.g., due to
large size of the field)
Transient features, etc.
𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
field effects

𝒀𝒀~𝑁𝑁 𝟏𝟏𝟏𝟏 + 𝑿𝑿𝑿𝑿 + 𝒁𝒁𝜷𝜷,𝜮𝜮
‘Analyse as
randomised‘

𝒁𝒁 = 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
encodes for block effects
(RCBD)
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Field Trials – Classical Principles in Practice
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𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≠ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
field effects
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Limagrain Field Seeds

A priori
1) Experimental Design 2) Field Trial

A posteriori
3) Trial Analysis

‘Block what you can, 
randomise what you

cannot‘
𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
define blocks based on a 
priori information (RCBD)

Split harvest in two days (e.g., due to
large size of the field)
Transient features, etc.
𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≠ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
field effects

𝒀𝒀~𝑁𝑁 𝟏𝟏𝟏𝟏 + 𝑿𝑿𝝉𝝉 + 𝒁𝒁𝜷𝜷,𝜮𝜮
‘Analyse as
randomised‘

𝒁𝒁 = 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
encodes for block effects
(RCBD)
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Limagrain Field Seeds

Related Work

10

A priori
1) Experimental Design 2) Field Trial

A posteriori
3) Trial Analysis

3) We quantify the impact of
randomisation (‚[…]randomise what you
cannot ‘) on the accuracy of estimations
and the implications in practice.

1) We simulate cases
such as 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓, 
𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 and 
𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓.

2) We answer the
question if, in such cases, 
we should ’Analyse as
randomised‘.

Bailey, R.A., Design of comparative 
experiments. Vol. 25. Cambridge University 
Press (2008)
Calinski, T., and Sanpei K.. Block Designs: A 
Randomization Approach: Volume I: 
Analysis. Vol. 150. Springer Science & 
Business Media (2000)
 Blocking  may be inefficient but we
ensure that estimates are accurate due to
‘ […] randomise what you cannot [block]‘.

Pearce, S.C., Some design 
problems in crop 
experimentation. I. The use of 
blocks, Experimental Agriculture 
(1995)

 Cases, where 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≠
𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 (e.g., transient features) 
exist and lead to harmful blocks.

Frey, J., Hartung, J., Ogutu, J., 
and Piepho, H.-P., Analyze as 
randomized—why dropping 
block effects in designed 
experiments is a bad idea, 
Agronomy Journal (2024)

 In the case of 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 =
𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 : Analyse as randomised.
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Limagrain Field Seeds

Block Sub-Block 𝒁𝒁𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅 𝒁𝒁𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇 Block + Sub-Block

CR-design ≡ CR-field

RCB-design ≻
𝛼𝛼-design ≻≻

CR-design ≺ RCB-field

RCB-design ≡
𝛼𝛼-design ≻

CR-design ≺≺ 𝛼𝛼-field

RCB-design ≺
𝛼𝛼-design ≡
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Simulation Study – Different Scenarios
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𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

‚forgot‘

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
‚perfect‘

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
‚too far‘

D = F 

D F

FD

Completely Randomised (CR)
Randomised Complete Block (RCB)
𝛼𝛼
Patterson, H.D., Williams, E.R., and Hunter, E.A., Block designs 
for variety trials, The Journal of Agricultural Science (1978)

Gilmour, A.R., Post blocking gone too far! Recovery of information and 
spatial analysis in field experiments., Biometrics 56.3 (2000)
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Design-based analysis (‘Analyse as
randomised‘), i.e., 𝒁𝒁 = 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

Data-driven analysis, i.e.,
𝒁𝒁 = 𝒁𝒁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 (SSE), where
𝒁𝒁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ⪯ 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

Simulation Study – Different Scenarios (Example)

13

Randomise geno-
types according to 
𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ⪯ 𝒁𝒁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

𝜷𝜷

1. Simulate trial: 𝒚𝒚 = 𝟏𝟏𝟏𝟏 + 𝑿𝑿𝝉𝝉 + 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝜷𝜷+ 𝝐𝝐
𝑿𝑿

𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 ⪯ 𝒁𝒁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

Simulate field
effects:
𝜷𝜷↪

𝑁𝑁 0,𝜎𝜎𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑠𝑠2

e.g., 
𝜷𝜷_𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃↪
𝑁𝑁 0,𝜎𝜎𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏2

Simulate
residuals: 
𝝐𝝐↪

𝑁𝑁 0,𝜎𝜎2

𝒁𝒁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝒁𝒁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝜎𝜎𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑠𝑠2 𝜎𝜎2

𝝉𝝉 = �𝝉𝝉𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

2. Analyse trial: 𝒀𝒀~𝑁𝑁 𝟏𝟏𝟏𝟏 + 𝑿𝑿𝑿𝑿 + 𝒁𝒁𝜷𝜷,𝜮𝜮
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Simulation Study – Different Scenarios (Example)
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𝒁𝒁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝒁𝒁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
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𝒁𝒁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
#Rows,

#Columns
Blocks,

Sub-Blocks
Estimated Genot-
typic values �𝝉𝝉
NAs

Data of one
historical trial

NAs

Design-based analysis (‘Analyse as
randomised‘), i.e., 𝒁𝒁 = 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

Data-driven analysis, i.e.,
𝒁𝒁 = 𝒁𝒁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 (SSE), where
𝒁𝒁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ⪯ 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

Randomise geno-
types according to 
𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ⪯ 𝒁𝒁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

𝜷𝜷

1. Simulate trial: 𝒚𝒚 = 𝟏𝟏𝟏𝟏 + 𝑿𝑿𝝉𝝉 + 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝜷𝜷+ 𝝐𝝐
𝑿𝑿

Simulate field
effects:
𝜷𝜷↪

𝑁𝑁 0,𝜎𝜎𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑠𝑠2

Simulate
residuals: 
𝝐𝝐↪

𝑁𝑁 0,𝜎𝜎2

𝜎𝜎𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑠𝑠2 𝜎𝜎2

2. Analyse trial: 𝒀𝒀~𝑁𝑁 𝟏𝟏𝟏𝟏 + 𝑿𝑿𝑿𝑿 + 𝒁𝒁𝜷𝜷,𝜮𝜮

𝝐𝝐

Repetition 
at a new
location

Randomly draw effect estimates of one trial

Effect
estimates of
thousands of

historical trials

DATABASE
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Simulation Study – Different Scenarios

15

1) We simulate cases
such as
𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓, 
𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓, and 
𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓.

Design-based analysis (‘Analyse as
randomised‘), i.e., 𝒁𝒁 = 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

Data-driven analysis, i.e.,
𝒁𝒁 = 𝒁𝒁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 (SSE), where
𝒁𝒁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ⪯ 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

1. Simulate trial: 𝒚𝒚 = 𝟏𝟏𝟏𝟏 + 𝑿𝑿𝝉𝝉 + 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝜷𝜷+ 𝝐𝝐
2. Analyse trial: 𝒀𝒀~𝑁𝑁 𝟏𝟏𝟏𝟏 + 𝑿𝑿𝑿𝑿 + 𝒁𝒁𝜷𝜷,𝜮𝜮

2) We answer the
question if, in such 
cases, we should
’Analyse as
randomised‘.

3) We quantify the impact
of randomisation
(‚[…]randomise what you
cannot‘) on the accuracy of
estimations and the
implications in practice.

Repetition 
at a new
location



RESULTS
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Design-based
analysis (‘Analyse as
randomised‘), i.e.,
𝒁𝒁 = 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

Data-driven analysis, 
i.e.,
𝒁𝒁 = 𝒁𝒁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

Results - Models

17

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
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Results – MSEPD of �𝝉𝝉 to 𝝉𝝉

18

Design-based
analysis
(‘Analyse as
randomised‘), 
i.e.,
𝒁𝒁 = 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

Best when
𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

Worst when
𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
worse than

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

Mean squared error of
prediction differences (MSEPD)

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀
=

∑𝑖𝑖<𝑗𝑗𝑛𝑛 ((𝜏̂𝜏𝑖𝑖 − 𝜏̂𝜏𝑗𝑗) − (𝜏𝜏𝑖𝑖 − 𝜏𝜏𝑗𝑗))2

𝑛𝑛(𝑛𝑛 − 1)
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Results – MSEPD of �𝝉𝝉 to 𝝉𝝉

19

Design-based
analysis
(‘Analyse as
randomised‘), 
i.e.,
𝒁𝒁 = 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

versus

Data-driven
analysis, i.e.,
𝒁𝒁 =
𝒁𝒁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

Improvement 
when

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
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Results – MSEPD of �𝝉𝝉 to 𝝉𝝉

2) We answer the
question if, in such 
cases, we should
‚Analyse as
randomised‘.

Generally, we should not ‚Analyse as
randomised‘, but use data-driven analysis.
This improves the estimations when we went
‘too far‘ in the design.
We must verify model selection, especially for
𝛼𝛼-design ≡ 𝛼𝛼-field!

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

20
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Results – MSEPD of �𝝉𝝉 to 𝝉𝝉

21

Design-based
analysis
(‘Analyse as
randomised‘), 
i.e.,
𝒁𝒁 = 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

versus

Data-driven
analysis, i.e.,
𝒁𝒁 =
𝒁𝒁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

Worse when
𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
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Results – Convergence of �𝝉𝝉 to 𝝉𝝉 (MSEPD)

22

Design-based
analysis
(‘Analyse as
randomised‘), 
i.e.,
𝒁𝒁 = 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
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Results – Convergence of �𝝉𝝉 to 𝝉𝝉 (MSEPD)

23

Design-based
analysis
(‘Analyse as
randomised‘), 
i.e.,
𝒁𝒁 = 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

versus

Data-driven
analysis, i.e.,
𝒁𝒁 =
𝒁𝒁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
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Results – Convergence of �𝝉𝝉 to 𝝉𝝉 (MSEPD)

24

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

3) We quantify the impact
of randomisation
(‚[…]randomise what you
cannot‘) on the accuracy
of estimations and the
implications in practice.

Theoretically, randomisation ensures
accurate estimations.
However, to the cost of more
replications.



SUMMARY
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A priori
1) Experimental Design 2) Field Trial

A posteriori
3) Trial Analysis

‘Block what you can, 
randomise what you

cannot‘

𝒀𝒀~𝑁𝑁 𝟏𝟏𝟏𝟏 + 𝑿𝑿𝝉𝝉 + 𝒁𝒁𝜷𝜷,𝜮𝜮
‘Analyse as
randomised‘

Field Trials – Classical Principles in Practice

26

If 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≠ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
 Generally, we should not ‚Analyse as randomised‘, but use data-driven

analysis.
 This improves the estimations when we went ‘too far‘ in the design.
→ Theoretically, randomisation (‚[…] randomise what you cannot‘) ensures

accurate estimations.
→ However, to the cost of more replications.
* We must verify model selection, especially for 𝛼𝛼-design ≡ 𝛼𝛼-field!



OUTLOOK
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Limagrain Field Seeds

4) We want to
additionally add patch
effects

to simulate the case

OUTLOOK - Simulation
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0.6
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𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
‚wrong‘ FD



Limagrain Field Seeds

OUTLOOK - Simulation

5) We want to
additionally simulate

AR1 processes
 Correlation within

rows (𝜌𝜌𝑟𝑟), columns (𝜌𝜌𝑐𝑐), 
and nugget effect (𝜙𝜙) 

6) And study the
effect of the analysis

with and without
estimation of AR1 

processes.

29

7) Generally, use also other criteria than SSE for
model selection.



Limagrain Field Seeds

OUTLOOK – Use a priori Information for Design
Current season: Next season:

Use knowledge about field effects from
previous seasons for design of the next

season

Barley Yellow Dwarf Virus (BYDV) – Limagrain trial 2025:

30

8) We want to study how we can ’Block [as good as] we can‘ with and 
without prior knowledge.

Data from Fabien 
LE COUVIOUR 
(Limagrain)



Thank you very much for your attention!

Karen Wolf12*, Pierre Fernique1, Hans-Peter Piepho2
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Limagrain Field Seeds

‚Analyse as randomised‘, here as RCBD
NO check for autocorrelation

‚Analyse as randomised‘, here as RCBD
check for autocorrelation

M
od

el
 

Pa
ra

m
s Block Block

Correlation within rows (1.0)
Additional variance (nugget 0.71)

Fi
el

d 
ef

fe
ct

s&
 R

es
id

ua
ls

Su
m

m
ar

y

No model selection, but simply fit of block effect.
The residuals do not look good (clear patterns visually
detectable).

No model selection, but simply fit of block effect and fit 
of correlation within rows and nugget effect.
High row correlation estimation (1.0). The residuals
look OK (no clear patterns visually detectable).

OUTLOOK - Optimal Design
‚Analyse as randomised‘

33
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Model selection
NO check for autocorrelation

Model selection
check for autocorrelation

M
od

el
 

Pa
ra

m
s Block

Block|Column

Fi
el

d 
ef

fe
ct

s&
 R

es
id

ua
ls

Su
m

m
ar

y

In both cases, the same model is selected and fitted (with block and column effect, no autocorrelation).
The residuals look OK (no clear patterns visually detectable).

OUTLOOK - Optimal Design
Model Selection

34



Limagrain Field Seeds

OUTLOOK - Simulation

35



Limagrain Field Seeds

OUTLOOK - Optimal Design

36



Limagrain Field Seeds

Design-based analysis (‘Analyse as randomised‘), i.e., 
𝒁𝒁 = 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

Data-driven analysis, i.e.,
𝒁𝒁 = 𝒁𝒁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

Field Trials – Model Selection
Question 1: ‘Analyse as randomised‘ ?

37

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓



MSE
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Results – MSE of �𝝉𝝉 to 𝝉𝝉

39

Design-based
analysis
(‘Analyse as
randomised‘), 
i.e.,
𝒁𝒁 = 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

Best when
𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

Worst when
𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
similar to

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

Mean squared error (MSE)

𝑀𝑀𝑀𝑀𝑀𝑀
=

∑𝑖𝑖𝑛𝑛(𝜏̂𝜏𝑖𝑖 − 𝜏𝜏𝑖𝑖)
𝑛𝑛



Limagrain Field Seeds

Results – MSE of �𝝉𝝉 to 𝝉𝝉

40

Design-based
analysis
(‘Analyse as
randomised‘), 
i.e.,
𝒁𝒁 = 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

versus

Data-driven
analysis, i.e.,
𝒁𝒁 =
𝒁𝒁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

Improvement 
when

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓



Limagrain Field Seeds

Results – MSE of �𝝉𝝉 to 𝝉𝝉

41

Design-based
analysis
(‘Analyse as
randomised‘), 
i.e.,
𝒁𝒁 = 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

versus

Data-driven
analysis, i.e.,
𝒁𝒁 =
𝒁𝒁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

Improvement 
even when

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
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Results – MSE of �𝝉𝝉 to 𝝉𝝉

42

2) We answer the question
if, in such cases, we should
‚Analyse as randomised‘.

We should not ‚Analyse as
randomised‘, but use data-driven
analysis.
This improves the estimations when
we went ‘too far‘ in the design.

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
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Results – Convergence of �𝝉𝝉 to 𝝉𝝉 (MSE)

43

Design-based
analysis
(‘Analyse as
randomised‘), 
i.e.,
𝒁𝒁 = 𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

versus

Data-driven
analysis, i.e.,
𝒁𝒁 =
𝒁𝒁𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
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Results – Convergence of �𝝉𝝉 to 𝝉𝝉 (MSE)

44

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

3) We quantify the impact
of randomisation on the
accuracy of estimations
and the implications in 
practice.

Theoretically, randomisation ensures
accurate estimations.
However, to the cost of more
replications.



More Slides
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𝒁𝒁𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅 𝒁𝒁𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇 Genotypic values 𝝉𝝉
randomised according

to 𝒁𝒁𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅

Field effects 𝜷𝜷
simulated

according to 𝒁𝒁𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇

Residual
error 𝝐𝝐Block Sub-

Block
Block + Sub-

Block

≡ CR-design ≡ CR-field

≻ RCB-design ≻
≻≻ 𝛼𝛼-design ≻≻
≺ CR-design ≺ RCB-field

≡ RCB-design ≡
≻ 𝛼𝛼-design ≻
≺≺ CR-design ≺≺ 𝛼𝛼-field

≺ RCB-design ≺
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𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≺ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≡ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

𝒁𝒁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
≻ 𝒁𝒁𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓
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OUTLOOK - Model Selection, NLL
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Block Sub-Block 𝒁𝒁𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅𝒅 𝒁𝒁𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇 Block + Sub-Block

CR-design ≡ CR-field

RCB-design ≡
𝛼𝛼-design ≡

CR-design ≡ RCB-field

RCB-design ≡
𝛼𝛼-design ≡
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