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John, J.A., and Williams, E.R., Cyclic and Computer

Ve, —. . : L
\;rl(Glr FlEId Trla |S — C | dSSICAa | P FINCI p | €S Generated Designs, (Monographs on Statistics and Applied

Probability 38), London: Chapman & Hall (1995)

A priori A posteriori
1) Experimental Design 2) Field Trial 3) Trial Analysis

Fisher, R.A., The design of experiments,
8th ed, New York: Hafner (1971)
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:G‘p Field Trials — Classical Principles

A priori
1) Experimental Design

2) Field Trial

A posteriori
3) Trial Analysis

¥ T
" DESIGN OF
| EXPERIMENTS |

‘Block what you can,
randomise what you
cannot’

Y~N(1u+ Xt+ZB,%)
‘Analyse as
randomised*
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GY Field Trials — Classical Principles in Theory ggamacatinbeal or .. 1

A priori
1) Experimental Design

Haslett, J., and Ha
residuals for a linear m

2) Field Trial

slett, S. J., The three basic types of
10del, International Statistical Review (2007)

A posteriori
3) Trial Analysis

‘Block what you can,
randomise what you
cannot’

Y~N(1u+ Xt+ZB,%)
‘Analyse as
randomised*
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dIG} Field Trials — Classical Principles in Practice

A priori A posteriori
1) Experimental Design 2) Field Trial 3) Trial Analysis
Tz [ 2 || AT EE EEEEEEEE i
HEEREEEN g ] I | I
DoDEDopD ====='== aan m
DDDBoOom AEEEEEEN 1o HWN |-
0'5?!!5!!! .o!!!! ; !- I ) I A lz; 5oe I_ao
‘Block what you can, Split harvest in two days (e.g.,dueto | Y~N(1u+ Xt + ZB,%)
randomise what you large size of the field) ‘Analyse as
cannot* randomised*
2 Zdesign 2 Zdesign — Zfield 2>Z = Zdesign
define blocks based on a field effects encodes for block effects
priori information (RCBD) (RCBD)
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416y Field Trials —
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Classical Principles in Practice

A priori
1) Experimental Design

2) Field Trial

A posteriori
3) Trial Analy5|s

2
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‘Block what you can,
randomise what you
cannot’
2 Zdesign
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.
2 Zdesign a Zfield
field effects

Y~N(1u+ Xt+ZB,%)
‘Analyse as
randomised"

2>Z = Zdesign

encodes for block effects
(RCBD)
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dIG} Field Trials — Classical Principles in Practice

A priori A posteriori
1) Experimental Design 2) Field Trial 3) Trial Analy5|s

DopopoE |
oo e lole el
‘Block what you can, Split harvest in two days (e.g.,dueto | Y~N(1u+ Xt + ZB,%)
randomise what you large size of the field) ‘Analyse as
cannot* Transient features, etc. randomised® ??
2 Zdesign 2 Zdesign + Zfield 2>Z = Zdesign
define blocks based on a field effects encodes for block effects
priori information (RCBD) (RCBD)
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iilq‘p Related Work

A priori
1) Experimental Design

2) Field Trial

A posteriori
3) Trial Analysis

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 Z ;.5 +
Zfieiq (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)

= Inthe case of Z .5 5n =
Zsic1q - Analyse as randomised.

(3) We quantify the impact of

@nd the implications in practice.

randomisation (,[...]Jrandomise what you
cannot ‘) on the accuracy of estimations

\

(1) We simulate cases )

suchas Z jo5i9n < Zfic1a,

Zdesign = Zfield and

(2) We answer the )

question if, in such cases,
we should ’Analyse as

J

\Zdesi,qn > Zfield° j

Qandomised‘. )

Limagrain Field Seeds
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SIMULATION STUDY




&lo‘y Simulation Study — Different Scenarios | Zésn | Zassion | Zassian

<Zfieta | = Zfieta | > Zfiela

Block

Sub-BIock‘ Ziesign ‘ ‘ Z o1 ‘ Block ‘ + Sub-Block

Zdesign < Zfield
[forgot’ e F

Zdesign - Zfield

,perfect’ G

CR-design < RCB-field

RCB-design =
a-design = Zdesign > Zfield
Completely Randomised (CR) ,too far’ @
Randomised Complete Block (RCB)

(04
Patterson, H.D., Williams, E.R., and HuRtWR®UA Adfeckafé Sépking gone too far! Recovery of information and
for variety trials, The Journal of Agricul6@efiscanEgisdn dield experiments., Biometrics 56.3 (2000)
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ilG‘p Simulation Study — Different Scenarios (Example)

-

/R_d_l_d—f’f_t_t'_t—f—t‘an omly draw effect estimates of one trial ~ D
N\ \\ N\ A N N
DATABASE I {} Q} V
2
\ SEREREEL Ztrial Ztrial Oblocks 0°
Effect ,, B iy { p
estimates of i h'Stor'Eal trial Randomisegeno-\| |/ Simulate field (" Simulate
t.hou:f,ands.of 27 vial ! - || types according to Define effects: residuals:
ABET L StRows, | B || Zeesion = Zoria | |[Zrieta = Zeria B e @
: #Columns = || g B : N(0, 01ocks) N(0,0)
SBlocks, | BiEmam| || fasisads) FRESSEEE 3========| e
’ -ANEEEEEE | ‘ANEREERE B_block (S
Sub-Blocks | sasssss | |\ " |\ eeesm] \_#@ﬁ_/ - Y
> Estimated Genot- @ @ 4 @ @
typic values %trial 1] Zdesign K T = Trial Zfield ' ﬁ € NAs

_/

QNAS

1.Simulatetrial: y = 1+ Xt + Z¢jp1qf + €

4 2. Analyse trial:

Design-based analysis (‘Analyse as
randomised®), i.e., Z = Z je5ign

AN

Y~N(Au+ Xt +ZB,%)

~

Data-driven analysis, i.e.,
Z = Zodel selection (SSE), where

J

Zmodel _selection = Zdeszgn

Limagrain Field Seeds
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ﬁ:(?p Simulation Study — Different Scenarios (Example)

andomly draw effect estimates of one trial
| DATABASE

4 N

Effect
estimates of
thousands of

historical trials

Repetition
at a new
locatio

Randomise geno-
types according to

Zdesign = Ztrial

R

O-lglocks o*
/Simulavte field\ (" Simulate )
effects: residuals:
B €
N(O' O-glocks) N(O' 0-2)
iy: g T
X B €

1
1.Simulatetrial: y = 1+ Xt + Z¢jp1qf + €

Design-based analysis (‘Analyse as
randomised®), i.e., Z = Z je5ign

-

4 2. Analyse trial: Y~N(1u+ Xt +ZB,%) )

Data-driven analysis, i.e.,
Z = Zodel selection (SSE), where

Zmodel_selection = Zdesign Y,

Limagrain Field Seeds
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%1:6} Simulation Study — Different Scenarios

of randomisation

(,[...]Jrandomise what you
cannot‘) on the accuracy of
estimations and the

\iimplications in practice.

@) We quantify the impact\

J

Limagrain Field Seeds

Repetition
at a new
locatio

-

2) We answer the \ /1) We simulate cases\

question if, in such such as

cases, we should Zgesign = Lfields

’Analyse as Zgesign = Zfiela, and
\randomised‘. Y \Zdesign >Zfielq- Y

1.Simulatetrial: y = 1+ Xt + Z¢jp1qf + €

4 2. Analyse trial: Y~N(1u+ Xt +ZB,%)

randomised®), i.e., Z = Z je5ign

Design-based analysis (‘Analyse as Data-driven analysis, i.e.,
Z = Zodel selection (SSE), where
\_ Zmodel_selection = Zdesign Y,

~
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"‘* esign esign esign
{16} Results - Models Zacsign | Zacsign | Zaesig

<Zfieta | = Zfieta | > Zfiela

De5|gn-based RCB-field @ Design-based analysis
analysis (‘Analyse as
randomised’), i.e., oo~ | CRdesign (RCB-design) adesign |
Z= Zdesign %

s 751

(O]

& 50

C

(O]

Y 25

&

0] CR-model RCB-r'nodeI on-mbdel CR-rﬁodeI RCB-model cx-mbdel CR-rﬁodeI RCB-r'nodeI a-model
Data-driven analysis, RCB-field "7/ Data-driven analysis
i.e.,
Z — Z del lecti ( \ CR-design (RCB-design) a-design [ \
— L model_selection _100f— e e e e

g %

S 75 / . 1

(O]

2 50 / ] 1

/ 2 | 7 /

5 25 / - / / - /

o 7 7

CR-model ) RCB-model a-model CR-model { RCB-model a-model CR-model RCB-model a-model
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‘ Mean squared error of Zgesign Z gesign Zgesign
\‘IG RESU|tS MSEPD Of TiOoT prediction differences (MSEPD)

<Zfieta | = Zfrieta | > Zfiela
RCB-field
Design-based 160 1 @ Design-based analysis
analysis (Z — N N ~
(*Analyse as | Tdesign hf teld Best when Worst when
i ¢ worse than
randomlsed ), |, Zgesign = Zfield Zgesign = Lfield
1.e., \ design — fleld) \ ) U )
Z = Zgesign o
g 80
60 -
MSEPD 407
Y- — @ —)F
nn-—1) .

CR-design RCB-design a-désign
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"“" A design design design
{6} Results — MSEPD of Zto T Bl il N

<Zfieta | = Zfieta | > Zfiela

RCB-field

Design-based 160{ [ Design-based analysis

analysis 7/ Data-driven analysis
(‘Analyse as 1407 »

randomised®),
l.e.,

Improvement
when

\Zdesign > Zfieldj

120 A

100 A

[ N )

Z = Zdesign

~N

MSEPD

versus
60 A

Data-driven 20

analysis, i.e.,
7 /

Z model_selection 0

%

CR-design RCB-design a-désign
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question if, in such
cases, we should

,/Analyse as

\randomised‘.

)

J 2
" . o Zdesign Zdesign Zdesign
N1GY» —
‘VI.IG“ RESUItS MSEPD Of T tO T Zriewa | =Zrieq | > Zsieq
CR-field RCB-field o a-field
2 pamenanatyan || 722 Duteriven analye s Y\ 7 ‘ T2 Dotoariven anatyee
W—T T T T T — T
1T T L I m—— 1 WL L |
CR-design RCB-design \ a-design CR-design \ RCB-design / \ a-design ) CR-design RCB-design \_ a-design "/
/Generall we should not ,Analyse as \
/2) We answer the\ Y ’ y

‘too far’ in the design.

randomised®, but use data-driven analysis.
This improves the estimations when we went

We must verify model selection, especially for

Qx-design = a-field!

/

Limagrain Field Seeds
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2
4.,.19} Results —MSEPD of Tto T

Z design
< Zfield

Zdesign
>Zfielq

Zdesign
=Zfiela

Design-based
analysis
(‘Analyse as
randomised®),
i.e.,

Z=12 design
versus

Data-driven
analysis, i.e.,
7 =

Z model _selection

200 A

a-field

-

~

%

7

Design-based analysis
Data-driven analysis

Worse when
Zdesign - Zfield

(T

%

CR—désiqn

RCB—desi n_

a-désiqn

Limagrain Field Seeds
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<Zfieta | = Zfiela

"4* A | design design
ﬁgr Results — Convergence of % to T (MSEPD)” ’

Zdesign
>Zfiela

Design-based
analysis
(‘Analyse as
randomised),
l.e.,

Z = Z gesign

Median MSEPD

RCB-field

Design | Analysis

CR-design | Design-based
—m— RCB-design | Design-based
—A— o-design | Design-based

Locations

Limagrain Field Seeds
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""‘ = | Zdesign Zdesign Zdesign
816} Results — Convergence of T to T (MSEPD

<Zfieta | = Zfieta | > Zfield

Design-based
analysis
(‘Analyse as
randomised),
l.e.,

Z = Z gesign

versus

Data-driven
analysis, i.e.,
7 =

Zmodel_selection

Median MSEPD

RCB-field

Design | Analysis
CR-design | Design-based
CR-design | Data-driven
—m— RCB-design | Designh-based
--#-- RCB-design | Data-driven
[—A— a-design | Design-based ]
—4= @-design | Data-driven

Locations

Limagrain Field Seeds
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Median MSEPD

Zdesign Zdesign Zdesign

e A |
dIG} Results — Convergence of T to T (MSEPD)=%%, =20, oo,

CR-field RCB-field field
704 . .
50 Design | Analysis 70 Design | Analysis Design | Analysis
—e— CR-design | Design-based CR-design | Design-based CR'desfgn | DESIQH-PBSEd
--e- CR-design | Data-driven 60 CR-design | Data-driven 601 CR-design | Data-driven
40 —m— RCB-design | Design-based —m— RCB-design | Design-based RCB—des!gn | DESIQH-PBSEd
~-m- RCB-design | Data-driven |0 50 --m- RCB-design | Data-driven 0 501 RCB-design | Data-driven
—— a-design | Design-based u —— a-design | Design-based ) —a— a-design | Design-based
30 =4 o-design | Data-driven = 40 E 40 AL =& o-design | Data-driven
S ©
© —
8 g
17 301
30 =
20 =
20 207
L — o 101

2 3 4 5 6 1 2 3 q 5 6

/3) We quantify the impact\ 4 N\
of randomisation Theoretically, randomisation ensures
(,[...]Jrandomise what you accurate estimations.

cannot’) on the accuracy However, to the cost of more

of estimations and the replications.

\implications in practice. / \_ W,
Limagrain Field Seeds 24
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"4* . . . . . . .
dIG} Field Trials — Classical Principles in Practice
A priori A posteriori
1) Experimental Design 2) Field Trial 3) Trial Analysis
‘Block what you can, Y~N(1u+ Xt +ZB,%)
randomise what you ‘Analyse as
cannot* randomised*

mzdesign * Zfield \

- 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.
Q We must verify model selection, especially for a-design = a-field! /

Limagrain Field Seeds 26
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ﬂg‘,\' OUTLOOK - Simulation

é_:;:gi"i Simulation Study — Different Scenarios | “gur | Zegr | Zagon \
Block | sublock | Zaoupn Zywa | Bk | subBlock 4) We want to
%} e Chifield . Zf:rg:t ‘;ﬁ:ld additionally add patch
B E - _| Zacsion = Zy effects
il | @ | | pEm—

B = a-design
.| CR-design
ii RCB-design
W‘ .‘ a-design

Zaesign > Zrield :ll.lllll
Ermreer I "
W\ HI HEEEN BN

00000000

to simulate the case

[SR SRS SR SRR S S TR

Zdesign 7 Zfield

»

leagram v}

{
wrong‘ 5

\
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}".1:5} OUTLOOK - Simulation

iig‘i Simulation Study — Different Scenarios (Example) / 5) We want to \
-~ DATABASE ™ {\} ) Q\} :{} \{\} N additiona"y simulate

/ Effect \ / BEEN Data of one \ Zirial Zirial Oplocks 2
ecC i1 '
estimates of mﬂ ! @ - <y It J1

S| historical trial ™\ / Simulate field (Simulate\’,a/

AR1 processes

(BEERE; Randomise geno- : H H
t-hou§ands.of 37,0 7 . types accordging to Define effects: residuals: | 9 COrrelat|On W|th IN
historical trials > H#Rows, =!!!!| Zgesign = Ztrial Zfield < Ziriat||B © N(0, 010015 )||€ < N (O, a2)
prows, | i — e, rows (p,), columns (p.),
Seiocks, | FEE| (| A =="", ======| g
sub-plocks | | |\t =) |\ ]\ MO i) )\ \and nugget effect (¢ )/

> Estimated Genot- ) @ @ NS @ @ @

] Zdesign E T = Terial Zfield B €

| J
. ’gpm values T Tma,z F Y |<|:\|é/5/
| /) NAs . Simulate trial: y = T eld €
N @ Ly s X G e )5 | g) And study the )

2. Analyse trial: Y~N(1u+ Xt+ ZB,X)

Design-l?ased :.analysis (‘Analyse as Data-driven analysis, i.e., \ Effe Ct Of t h e dNna IySiS

randomised’), i.e., Z = Z jesign Z = Z0del setection (SSE), where

/ Erodetseietion ~ e with and without

7) Generally, use also other criteria than SSE for estimation of AR1
model selection. \  DProcesses. )

Limagrain Field Seeds 29

.




ﬁg‘p OUTLOOK — Use a priori Information for Design

Current season: Next season:
Ve, . s ; o : % Ve, . a ; e .
"-'lﬁ? Field Trials — Classical Principles in Practice }‘_'lﬁp Field Trials — Classical Principles in |

A priori A posteriori A priori
1) Experimental Design 2) Field Trial 3) Trial Analysis 1) Experimental Design 2) Field Trial
EEEEEEEE ! ' i- I Use knowledge about field effects from
L :I m ! previous seasons for design of the next

. | I season

4 1 2 3 4 & & 7

Barley YeIIow Dwarf Virus (BYDV) leagram trlal 2025:

Field Effects Conditional Residuals etecte esidu atches
[T [ B EREE F
« [ Il 1 II i1 i ° i i
« [N e i Waa SRR = MM II i : ]
Bl -1
| ||| - 6 11 I i
-0.05 L |
[ ||| = WL NI Wl
-0.00 — -0
+ 1l <P | .
1l oo 5 U1 1] Wi pmmw . Data from Fabien
-1 [
- oo B BOEEERE 2 WL LI ; IIIIIIIIIIIII IIIIIIIIIII LE COUVIOUR
| [[| e : o | ]| ni 1
£ BT e O < £ O o 1 v s aafns 2
o T nnnnm - 0 i 1 IIIIIIIIIIIIII IIIIIIIIII Lim
T e B imagrain
0 2 4 6 8 1012 14 16 18 20 22 24 26 28 30 e — Y T TR W T T ) 0 2 4 6 8 1012 14 16 18 20 22 24 26 28 30

8) We want to study how we can 'Block [as good as] we can® with and
without prior knowledge.
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Field effects & Residuals Model

Summary

4.,.1:@ OUTLOOK - Optimal Design

,Analyse as randomised’

,Analyse as randomised’, here as RCBD
NO check for autocorrelation

«» Block
(L)
| .
(O
(a
Field Effects Conditional Residuals
> |RNNNAN AN R R N .
* 1IN ors = | I B I 2
il SUNRS | I I
-1
= 1IN g 1y LI
-0.05
* 1[I = [ L NRRED NHR
-0.00 -0
o || P |
» [Hnnnnmmm - M1 N
--1
= |NANARRARA R ez A |l [
o REl S O .
-2
* | NNARARNANARRARRR A - o I 1
0 2 4 6 8 1012 14 16 18 20 22 24 26 28 30 0 2 4 6 8 1012 14 16 18 20 22 24 26 28 30

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

detectable).
33

,Analyse as randomised’, here as RCBD
check for autocorrelation

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

Field Effects Conditional Residuals
L rm i I [l 1 0
|| I P [ i1 2
? il N 11 I
-1
: 1] Linn .
5 -0 5 I I
-0
‘ | I
--1
: : [ |
2 -2 2 N B
: Il AL -
-3
0 0 [ n 1
0 2 4 6 8 1012 14 16 18 20 22 24 26 28 30 0 2 4 6 8 1012 14 16 18 20 22 24 26 28 30

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).



4.@} OUTLOOK - Optimal Design

Model Selection

Model selection Model selection
NO check for autocorrelation check for autocorrelation

— W Block

> % Block | Column

o [ .

S £

n Field Effects Conditional Residuals

© o O AN M ! R N | 1 0K

3 o [ 10 m V1N il )

r || im0 I 1 ||

& s O B A M ! 0 11 I ™

o3 s 0O ! o sl .

I « Il Inn N 1

o > Rl RN -1 3 1

= Il R A 2 i1 | |

S Wyl oI |21| TR [

< o HIET T o U W1 W -

LI__ 0 2 4 6 8 1012 14 16 18 20 22 24 26 28 30 0 2 4 6 8 1012 14 16 18 20 22 24 26 28 30

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).

34

Summary



=4

[

7

4._'16} OUTLOOK - Simulation

= D

Limagrain Field Seeds

{ — ar1r — ARlc —— ARlrp
AR1rc ARLrc —— ARlcp
—— ARLrp 304 — ARIcP AR1rep
AR1rcp ' ARlrcp
0.8+
251
0.6
2.0
g g
(1]
olsy 0O g4
1.0 4
021
0.5
0.0 0.0 4
0.0 02 0.4 0.6 08 10 0.0 02 0.4 06 0.8 1.0 4
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ﬂg‘p OUTLOOK - Optimal Design

Quality Control in Agricultural Field Trials

Detection of Nonstationarity in Grid-indexed Data

FIELD TRIAL ANALYSIS - Assumption of stationarity: PROBLEM - Manual quality control:

If assumption of stationarity does not hold, @
breeders cannot reliably select plant varieties

Visual inspection  Time consuming

SOLUTION - Automatic quality control (Verification of the assumption of stationarity):

Grid data Tree indexation Identification Authentication Verification
“il'} EIIIIIIIIIII' i | EEIIIIIHIIHIIHIII
mn , - ] =) i n e
| . . IIII.’.IIIIIIIIII 1NN
I
IIII| IIIIIII'III|
o L - ficitin
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Percentage Model Percentage Model

Percentage Model

a I\/l d | S | t Zdesign Zdesign Zdesign
—
.. e rials odael seleCtion | — 7. |
<Zfieta = Zfieta > Zfield
. 1 : A I d 1 d‘ P
Questlon . ANalySe as ranaomised  :
. ° [4 - [4 . . ° .
Design-based analysis (‘Analyse as randomised®), i.e., Data-driven analysis, i.e
Z= Zdesign Z= Zmodel_selection
CR-field [ Design-based analysis CR-field Data-driven analysis
CR-design RCB-design a-design CR-design RCB-design a-design
100 ™ N 5
el
754 § 75
()
501 g 50
C
()
254 Y 254
&
0 \_CR-model / RCB-model a-model ~CR—rﬁodeI; RCB-model ~CR—n"'|odeI ) RCB-model o-model RCB-model CR-model \RCB—ﬁﬁodeb RCB-model \ o-model )
RCB-field [ Design-based analysis RCB-field Data-driven analysis
CR-design RCB-design a-design CR-design RCB-design a-design
1001/ 77 - " N
75 K
()
501 &
C
()
251 o
&
0 \ CR-model ) RCB-model a-model \CR—n%odeU RCB-model ~CR—rﬁodeI, RCB-model a-model RCB-model CR-model ~RCB—r'nodeI‘ RCB-model \ o-model )
a-field [ Design-based analysis a-field Data-driven analysis
CR-design RCB-design a-design CR-design RCB-design a-design
1007 7 -
751 ;3
[
501 e
@
251 o
B9
0 \ CR-model ) RCB-model o-model ~CR—rﬁodeI ) RCB-model .CR—rﬁodeI ) RCB-model a-model RCB-model CR-model \ RCB—r'nodgn RCB-model \ a-model )
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ilo‘p Results — MSE of T to T

Design-based
analysis
(‘Analyse as
randomised®),

l.e.,
Z = Zgesign W ]
N
S 80
60 A
MSE 07
i (B — 1) 1

160 A

140 -

120 -

kzdesign - Zfield)

4 A

Zdesign - Zfield

N y
4 )

Mean squared error (MSE) Zgesign Z gesign Zgesign
<Zfieta | = Zfieta | > Zfiela
RCB-field
[ Design-based analysis
7 _ 7 N\ N )
design -~ “fleld Best when Worst when
similar to

Zdesign > Zfield

\_
[

J
\

CR—dési n

RCB—desi n

a-désign
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FIGURE 2 Type lerror rate for the main-plot factor for 27 scenarios for the split-plot designs (SPDs) varying in the number of blocks and

Ratio of main-plot variance to residual variance
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treatments and block-to-residual error variance ratio and analyzed using seven different approaches. The dashed lines represent the nominal error rak

of a = 0.05. Significantly inflated error rates were marked with an asterisk (*), and significantly deflated error rates were marked with circles (7). The

analysis approaches given in columns represent an analysis with random block and main-plot error effects (RR), random block and main-plot error
effects using the nobound option in restricted maximum likelihood (REML) method (RRnobound), fixed block and random main-plot error effects

(FR). dropping non-significant block effects and random main-plot error effects (DR, no block effects and random main-plot error effects (OR ).

fixed block effects and no main-plot error effects (FO), and no block and main-plot error effects (00).
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