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1. General introduction

1. General introduction

Plant breeding has been practiced for thousands of years, since near the beginning of human
civilization (Allard, 1976, Ch. 3) During this time, its aim has generally not changed: Improve the
genetic composition of genotypes (i.e. cultivars/entries/lines/varieties) so that they fit human
needs. What this means may vary depending on e.g, the crop, target region and time, but is
generally associated with high (and stable) yields or other quantifiable traits of interest like quality

or disease resistance.

What has obviously been improved and revolutionized countless times, however, are the methods
used in plant breeding. In this context, one of the most important concepts of the last century was
the heritability. Originally, it was defined as an intraclass correlation, i.e. a ratio of genotypic
variance (, ) to phenotypic variance (, ) among individuals. A phenotype is the composite of an
organi smds observable traits and det er mi neata
factors and the genotype-environment interactions. Thus, heritability expresses the extent to which
a phenotype is genetically determined. Its notation as "Q was introduced by Wright (1920) as the
degree of determination by heredity. Today "Q usually refers to narrow-sense heritability, whereas
broad-sense heritabilityis denoted as 'O (e.g. Xu, 2013) The difference between the two is that "Q
considers only the additive component of the genotypic variance, while "O also includes, e.g,

dominance and epistasis components.

Nyquist and Baker (1991) point out that when heritability was proposed, it was actually done so in
the context of animal breedi ng a n dafundtiansfvdriance
components only and was invariant; it did not contain any properties or dimensions of the
experiment. 6 I n plant breeding, however, it
Instead, genotypes are evaluated in replicated experiments. As a result,the phenotype is an
aggregated value (i.e. usually some sort of mean) over multiple observations and heritability is
referred to as heritability on an entry-mean basis This clearly distinguishes heritability in plant

breeding from heritability in animal breeding or human genetics.

There are two mainreasons why the concept of heritability became an important concept for plant

breeders: On one hand, it is adescriptive measure used to assess the usefulness and precision of
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1. General introduction

results from cultivar evaluation trials. On the other hand, it can be plugged into t he br eeder &
equation:

Y O"h Q)
where Y is referred to as the response toselection or genetic gain and "Yis the mean phenotypic

value of the selected genotypes, expressed as a deviation from the population mean. Thus,(1)

allows for predicting Y in a breeding program.

As a brief example, imagine a single trial, where a number of genotypes are tested in¢ replicates

in a randomized complete block design. The observed data may be modelled as

® ‘ QO o - h 2)

where ) is the observation of the “@h genotype in the "Qh replicate, * is the intercept, ‘Qis the
effect for the "€h genotype, @ is the effect for the "@h block and - is the plot error effect
corresponding to w . Here, "Q is taken as random, so that a genotypic variance, and error
variance, can be estimated. To obtain an estimate for the phenotype of the "@h genotype, on
may obtain w,as the arithmetic mean across its replicates. Furthermore,, and , can be
estimated from mean squares and their respective expected mean squares of a conventional

analysis of variance(e.g. Yan, 2014, p. 17)so that the phenotypic variance can be defined as

s w18 3)

) , (4)

Nyquist and Baker (1991) point out what can be seen in (4): heritability on an entry-mean basis is

60a function of the properties and di mensions of
concepts of heritability and experimental design are closely linked. Therefore, | use the next
sections to give a short overview on experimental design during the time heritability was

introduced, as well as the progress since then.




1. General introduction

1.1 Plant breeding trials: the early days

When tracing back the history of plant breeding trials, one quickly finds that Ronald Aylmer Fisher
is seen as oO0the undisputed <creator of the moder
exper i bavagesle76) There have obviously been field trials before the 1920s, but it was
Fisher, e.g.,with his 1935 book The Design of Experimentghat led to specific layout and analysis
techniques being widely accepted (Fienberg and Hinkley, 1980) Some of his contributions are the
development of the analysis of variance (ANOVA) and concepts of the null hypothesis, blocking

and randomization.

One assumption necessary for the traditional ANOVA approach of Fisher is abalanced/orthogonal
dataset. When single observations are missing, they were traditionally imputed before ANOVA
(see e.g. Cochran and Cox, 1992 Ch. 3.71Y o obtain balanced data in the context of (2), we must
have complete replicates/blocksand thus (i) a constant& across genotypes and (ii) blocks of size
¢ (given genotype is the only factor). Regarding the design of single trials, this allows for either
completely randomized designs, randomized complete block designs or Latin square designs.
Fisher (1935, p. 109)poi nt s out t hat 0i n agricul tural expe
treatments/genotypes to be tested in blocks] expresses itself very simply in the increased sze of
the blocks of land, each of which is to contain plots representative of all the different [treatment]
combinations to be tested.d6 When genotypes are te
and/or across several years, as is common practie in plant breeding, it becomes a multi-
environment trial (MET), where a year x location combination is referred to as anenvironment.
When a MET is conducted até environments in a target population of environments (TPE), both

¢ and ¢ need to be constant across thee genotypes.

The fact that many of Fishero6s ideas are stildl t 8
demonstrates what a fundamental impact they had and still have. Notice that the trial and analysis

as described for (2), which | will fromnow onrefertoas Fi s h e r 0,% a m@dsdntatide example

for the state of the art at that time. Furthermore, similar experiments are still conducted today

which means that this framework has been applied for almost a century now.
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dUnfortunately, as so often happens,
mathematical extensions, conceived as improvements,

appearedo (Yates, 1990, p. xxviii)

1.2 Plant breeding trials: recent developments

In this section, | will give a very brief overview of some relevant advancements in the methodology

of experimental design for and statistical analysis of plant breeding trials that arose since the early
1900s. Yet, before | start, I would Ilike to
that an alternative approach should generally be preferred. Instead, the advancements and
extensions allowed for additional possibilities in the statistical analysis, which in turn led to more

flexibility in the experimental design, such as, e.g.,non-constant ¢ across genotypes. If such a
more recent experimental design is used, however,Fi s h er 0 $ cansdquéantdydo longer a

valid choice for the respective analysis.

1.2.1 Experimental design across environments

MET in plant breeding are usually laid out not only across multiple trial locations, but also over
multiple years,, e.g.,in a three-year-cycle. Yet, dnce the goal of plant breeding is to select superior
genotypes efficiently, some genotypes are eliminated from the candidate set after their first year
of testing. Furthermore, a new cycle with a new set of genotypes is introduced each year. Thus,
even though data in this scenario is balanced within a single year, it is not so when considering
the entire three-year-cycle due to incomplete genotype -year classifications. This is a very common
cause forunbalanced data in plant breeding and it applies irrespective of the experimental design
at the environment-level. Other, similar scenarios leading to unbalanced data are e.g., (i)
incomplete genotype -location classifications due to varying genotype relevance between certain
regions of the TPE or (ii) incomplete genotype-replicate classifications due to varying number of
replicates between locations. Finally, the breeder may conduct MET with single replicates at each
environment and thus treat the environm ent as a block (detailed insights in chapter 2). As a rule it
can be said that the more environments there are in a MET, the more likely it is that data is

unbalanced.

c |
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1. General introduction

1.2.2 Linear mixed models

The analytical solution to this problem of unbalanced data came with linear mixed models using

maximum likelihood (ML) for estimating variance components. Note that it was once again Fisher

(1922, 1921)who proposed the likelihood function as well as the method of maximum likelihood.

Later, Patterson and Thompson (1971) proposed using restricted maximum likelihood (REML) as

an alternative to the ordinary ML, as the former reduces the bias of VC estimates for finite samples.
Eisenhart(1947)was t he first to use the word OoOmixedd in
both fixed and random effects. The mixed model equations were given by Henderson (1986) and

further work was done by Searle et al.(2006). With mixed models and REML, analyzig unbalanced

data was no longer a problem. A practically relevant example for this is that the software PLABSTAT

(Plat Br eeding Statistical Pr ogr anandstilligspopdahamaonges Fi st
plant breeders today, will impute missing values as long as they represent less than 13% of the

dataset and subsequently conduct an ANOVA. Note that in an unbalanced dataset, all missing

level classifications (such as genotypeyear) are treated as missing values. When more tlan 13%

of the data is missing, no ANOVA is conducted in PLABSTAT. Instead, the breeder is advised to

switch to software that uses REML in order to obtain VC estimates(Utz, personal communication).

1.2.3 Experinental design on the environmentlevel

The need to always form complete blocks/replicates was especially problematic for plant breeders,

as they often have a relatively large number of candidate genotypes. Yates(1936) introduced the

use of incomplete blocks and followed up with the potential ability to recover inter -block

information (Yates, 1940b) which generally opened the door for new classes of experimental

design such aslattice squares(Yates, 1940a) The proposition of, e.g.,augmented designs (Federer,

1956),| -lattice (Patterson and Williams, 1976) p-rep (Cullis et al., 2006)and augmented p-rep

designs (Williams et al., 2011)followed. Moehring et al. (2014)s howe d t hat tclhagly | att er
outperform replicated and classical augmented designs6 i n terms of efficiency
goal is to keep the number of replicates for a genotype as low as possible, while maintaining, e.g.,

a small standard error of a difference (s.e.d.) for the genotype effects.
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1.2.4 Geostatistics and variance structures

By discussing the idea of adjusting plot values by covariance on neighboring plot values instead
of forming blocks, Papadakis (1937) and Bartlett (1938) laid the starting point for

geostatistics/spatial error models, which experienced a comparable, parallel development since
then. Some milestones are the nearest neighbor model (Wilkinson et al., 1983)and the extension
to two -dimensional spatial trends (Cullis and Gleeson, 1991ven viasmoothing methods such as
P-splines (RodriguezAlvarez et al, 2018). Note that, e.g.,Moehring et al. (2014) and Damesa et al.
(2018) state that using spatial error structures can be seen as a possibly advantageous addon
option to a randomization -based approach for designing field experiments. Yet Gilmour et al.
(1997) treat it the other way around. They recognize three major sources of variation in field
experiments: large-scale variation, extraneous variation and smaklscale variation. The suggest
accounting for the first via polynomials and spline smoothers and the second via spatial models

and potentially inclu ding design effects.

Considering the analysis of MET, it had been poi
variance is variable romonee xper i ment t o another [ é&] and there
variances of the GE interaction effects to be o mo g e n e(Gamstatk and Moll, 1963). In this
context, already Yates and Cochran(1938) discussed performing ANOVA with heterogeneous
variances. Again, the mixed model framework turned out to be able to adequately model
environment-specific variances(Cullis et al., 2006 Edwards and Jannink, 2006 So and Edvards,
2009; Smith and Cullis, 2018) In summary, multiple options for modeling the variance -covariance

structure of the residuals at various levels of the MET are available to the plant breeder.

Furthermore, modeling genotype -by-environment interaction effects or more specifically their
variance-covariance structure alone is a vast topic including, e.g., Finlay-Wilkinson regression,
additive main effects multiplicative interaction (AMMI) models and genotype and genotype -
environment (GGE) interaction models (Finlay and Wilkinson, 1963 Gauch, 1992 Piepho, 1998
Smith et al.,, 2001) In addition, genotypic correlations between cultivation areas, that group
together similar environments, can be estimated (Kleinknecht et al., 2013) Again, this can be
summarized as the proposition of a number of variance-covariance structures, though this time

for genotype-by-environment interaction effects and not the residual.
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1.2.5 Genotypicvariance structure

Examining (3) it can be seen that a single estimae for ,, is required, which corresponds to the
single genotypic variance est i ma@eThevimplicatiortig,i n vi a
however, that all genotypes have a homogeneous genotypic variance and are independent. Yet,
especially in plant breeding programs, it seems unlikely that genotypes are independent. Instead,
plant breeders usually have some population structure within their pool of candidate genotypes.
There are approaches to model this, e.g.,via separating the genotypic effect into an overall
population effect and genotype within population effect, or alternatively by using a factorial or
diallel mating design in order to obtain estimates for the general combining ability (GCA) and
specific combining ability (SCA) of a genotype (Bernardo, 1994) Another option is to assume a
correlation structure for the genotypic effect by obtaining a genetic relationship matrix
beforehand, which is usually based on either pedigree information or markers (Meuwissen et al.,
2001; Pillen et al., 2003 VanRaden, 2008Wiirschum, 2012 Crossa et al., 2017)Especially the latter
is very popular nowadays, as many plant breeders perform some type of markerassisted selection
(i.e. genome-wide association study (GWAS) or genomic selection). Thus, once again a vaance-
covariance structure (that is different from ID) may be introduced to the mixed model of a plant

breeder 4 this time for the genotype main effect.

1.2.6 Computers

A development that is indispensable for the popularity of mixed models using REML is the advent

of computers, steady advancement regarding their computational power as well as the

improvement of the software and applied algorithms. As Piepho et al. (2003)p o i nt Priorud : 0

the advent of computers, the analysis of a mixed model was a daunting task. In fact, analysis was

only feasible for simple, balanced designs. A full-fledged analysis of more complex data sets, e.g,

of an unbalanced series of experments accommodating heterogeneity of varianceat various levels

(treatment by environment interaction and error) and spatial correlation at the field level, was
beyondreach6 |t may be interesting to note here that 0

in their infancy, and referred t qYatehBOrp.x@dl cul at i
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1.3 Objective of this study

It should have become clear at this point that since the proposition of heritability, multiple
tremendous advancements took place in the design and analysis of plant breeding experiments.
Today, a plant breeder is left with an extensive number of options to make the experimental design
more efficient and data analysis more sophisticated than 100 years ago. Fortunately, the newer
methods are indeed applied in practice and | will from now on re fer to this combination of
advanced experimental design with a mixed model analysis as themodern plant breeding setting
In fact, when asked to provide a recent dataset from a plant breeder that can correctly be analyzed

via Fisher ds me thé thid requicessemensaayching.i n d

It seems, however, that during this time of progress the notion of heritability did not receive the

same amount of attention and extension. While, e.g.,Hanson and Robinson(1963)st at e t hat o0t
need for standardization of the concept of herita
heritability estimation in context of plant breeding and experimental designs remained

unchanged. Considering the standard formula for heritability on an entry -mean basis (O 1Q )

as shown in (4), there are mainly three challenges that arose with the extended mixed model

framework: (i) unbalanced data, (ii) heterogeneous variances and (iii) covariances. In other words,

it is not clear how to estimate heritability for , e.g.,a marker-assisted selection in an unbalanced

MET, where trials are laid out as prep designs.

Yet, for several decades the relevant passages on the estimation of heritability on an entrymean
basis did not seemtogo beyond onor mal | §Nrigkd and VBebes, 1986, p. 45p | | c at ¢
and eventoday O F¥Q istaught at universities and sometimes applied in scientific publications,

even though an analysis methodology more sophisti

Therefore, the overall objective of this thesis is to propose new, generalized methods for
estimating heritability appropriate for modern plant breeding programs and compare these to
existing proposals. First, Chapter2 exemplarily demonstrates some of the flexibility and benefit of
the mixed model framework for typically unbalanced MET as described above. Here, abivariate
mixed model analysesis used to jointly analyze two MET for cultivar evaluation, which differ in
multiple crucial aspects such as plot size, trial design and general purpose. Thus, the primary focus

in this chapter lies on the application of linear mixed models in the modern plant breeding setting,

8



1. General introduction

which serve as the basis to subsequently estimate heritability. Then in Chapter3, six alternative
methods for the estimation of broad -sense heritability on an entry-mean basis are applied and
compared to the standard method. This is done for four different MET datasets for cultivar
evaluation, which all display a typically unbalanced data structure, but differ in the genetic
frameworks of their cultivars. Finally, a new approach to estimate heritability on an entry -difference
basis is proposed in Chapter4. Besides deriving this method, it is again exemplified and compared
to other methods via analyzing four different datasets for cultivar evaluation. Here, however, the
datasets differ in their complexity so that

while the last shows multiple aspects described above as themodern plant breed ing setting.

t
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Abstract

Traditionally, cultivar evaluation trials have been conducted as replicated smaltplot, on-station
trials at multiple locations and years. To this day, this is the method of choice for cultivar
registration trials conducted by official fe deral institutes. Given a different purpose (e.qg.
marketing), cultivar evaluation may also be done as on-farm trials with single replicates and fewer
plots laid out as large strips. Such trials are often conducted at a larger number of locations. It is
not clear how comparable these two trial systems are. Our objective therefore was to compare the
precision and accuracy of these two systems using yield data from both on-farm trials and from
official on-station trials for winter oilseed rape (Brassica napusL.) across 8 yr. We set up
multivariate mixed models to analyze the combined dataset of both trial systems and estimate
heterogeneous variance components. Furthermore, based on 23 hybrid genotypes common to
both datasets, we investigated the genetic correlation between systems and tested for
genotype x system interaction effects. The results suggest that onfarm trials are comparable with
on-station trials in terms of precision of a single plot, but that there are genotype x system
interaction effects prohi biting the comparison of yield estimates for genotypes between systems.
One potential explanation for this difference was identified as the system-specific group effect of

semidwarf vs. long-strawed genotypes.

Status: published
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P. Schmidt, J. Méhring, R. J. Koch, and H.-P. Piepho*

ABSTRACT

Traditionally, cultivar evaluation trials have been
conducted as replicated small-plot, on-station
trials at multiple locations and years. To this
day, this is the method of choice for cultivar
registration trials conducted by official federal
institutes. Given a different purpose (e.g..
marketing), cultivar evaluation may also be
done as on-farm trials with single replicates and
fewer plots laid out as large strips. Such trials
are often conducted at a larger number of loca-
tions. It is not clear how comparable these two
trial systems are. Our objective therefore was to
compare the precision and accuracy of these
two systems using vyield data from both on-farm
trials and from official on-station trials for
winter oilseed rape (Brassica napus L.) across
8 yr. We set up multivariate mixed models to
analyze the combined dataset of both trial
systems and estimate heterogeneous variance
components. Furthermore, based on 23 hybrid
genotypes common to both datasets, we inves-
tigated the genetic correlation between systems
and tested for genotype x system interaction
effects. The results suggest that on-farm trials
are comparable with on-station trials in terms
of precision of a single plot, but that there are
genotype x system interaction effects prohib-
iting the comparison of yield estimates for
genotypes between systems. One potential
explanation for this difference was identified as
the system-specific group effect of semidwarf
vs. long-strawed genotypes.

P. Schmidt, J. Méhring, and H.-P. Piepho, Biostatistics Unit, Institute
of Crop Science, Univ. of Hohenheim, Fruwirthstrasse 23, 70599
Stutegart, Germany; R_.J. Koch, Pioneer Hi-Bred Northern Europe Sales
Division, Apensener St. 198, 21614 Buxtehude, Germany. Received 14
Sept. 2017. Accepted 6 Mar. 2018. *Corresponding author (piepho(@
uni-hohenheim.de). Assigned to Associate Editor Lucia Gutiérrez.

Abbreviations: BLUE, best linear unbiased estimator; BLUP, best
linear unbiased predictor; BSA, Bundessortenamt (Federal Plant
Variety Oftice); MET, multi-environment trial; OF, on-farm; OS,
on-station; RCBD, randomized complete block design; TPE, target
population of environments; VC, variance component; VCU, value
for cultivation and use.

ONCE a new crop cultivar has been bred, its value for cultiva-
tion and use (VCU) must be evaluated in cultivar evaluation
trials. These trials should be designed to be as efficient as possible
and yield valid results. In this context, “valid” means that differences
between cultivars (genotypes) found in the trials should represent
the actual differences in performance in the farmers’ fields.

In many cases (e.g., for German official VCU trials), the
method of choice can be described as replicated multi-environ-
ment, small-plot, on-station (OS) trials. This trial system usually
comprises identical sets of genotypes that are tested at multiple
locations and/or across several years, making it a multi-envi-
ronment trial (MET), where a year X location combination is
referred to as an environment. Furthermore, they are OS trials,
as all field trials are planned and executed by trained personnel
following established protocols and using field trial technology.
A major reason for using specialized technology is the relatively
small plot size of, for example, ~10 m? for winter oilseed rape
(Brassica napus L.) trials (Bundessortenamt, 2000). German VCU
trials are usually laid out as randomized complete block designs
(RCBD) with three to four replicates (Fig. 1), as a-designs with

three replicates, or as split-plot design with fertilizer treatments

Published in Crop Sci. 58:1-11 (2018).
doi: 10.2135/cropsci2017.09.0555

© Crop Science Society of America | 5585 Guilford Rd., Madison, W1 53711 USA
All rights reserved.

-farm and on -station trials for cultivar evaluation?
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Fig. 1. Schematic layout of an on-farm (OF) trial with seven plots
(top) and an on-station (OS) trial with four blocks, each with 25
plots (bottom), in a single environment.

randomized on main plots within complete blocks and
genotypes randomized to subplots according to a RCBD
(Laidig et al., 2008). Data within years are balanced with
respect to genotypes and locations. Every year, the evalu-
ation of a new set of genotypes starts. This set is tested in
a 3-yr-cycle, during which some genotypes are discarded
cach year. These OS trials can be seen as the traditional
approach, and they have been widely used and accepted
for roughly a century now (Smith et al., 2005).

A more recent development is the use of on-farm
(OF) trials (Bradley et al., 1988; Troyer, 1996; Troyer and
Wellin, 2009; Yan et al., 2002). For a review of design
and analysis of OF trials, see Piepho et al. (2011). Here,
many aspects of the experimental design are substantially
different from traditional approaches: plots are laid out in
strips that can be hundreds of times larger than OS plots,
and the number of plots per field site is often confined
to <10 (Fig. 1). Therefore, the number of genotypes per
environment becomes smaller.

Another difference from OS trials is the reduction to a
single replication per environment. Thus, instead of repli-
cating plots per environment, resources in OF trials are
shifted towards increasing the plot size and the number
of tested environments. In place of field trial technology,
the farmer’s machinery is used, setting its working width
as plot widths for the respective environment. Typically,
more genotypes are under investigation than can be
grown at single OF field sites. This is handled by distrib-
uting genotypes across environments, with only subsets
of genotypes tested in any one environment. Thus, the
obtained datasets are not only unreplicated within envi-
ronments, but they are also highly unbalanced with

respect to the location X year and genotype X environ-
ment classifications.

Given the substantial differences in design between
OF and OS trials, it is of interest to compare these two
trial systems in terms of precision and accuracy. Yan
et al. (2002) summarized it well in their article, which
investigated analogous winter wheat (Triticum aestivum
L.) trial systems in Canada: “Understanding the relation-
ship between the two systems could have a significant
impact on cultivar evaluation strategy. If they are highly
correlated, either system would be sufficient; if they are
complementary, both systems would be helpful; and if
they are mutually exclusive, a decision must be made on
which system is appropriate for cultivar evaluation.”

For this purpose, we here consider German MET
data on winter oilseed rape. The Pioneer Accurate Crop
Testing System (PACTS) constitutes an OF trial system,
which each year comprises ~20 genotypes in ~100 loca-
tions with single replicates in Germany. Data from these
OF trials were compared with OS trials from official
cultivar evaluations conducted by the German Federal
Plant Variety Office (Bundessortenamt, Hannover; BSA).
These OS trials comprise ~20 locations laid out as RCBD
with three to four replicates in Germany each year and at
the beginning of a cycle, including ~90 genotypes.

The aim of this article is to evaluate the precision,
accuracy, and hence the overall usefulness of OF trials
compared with OS trials regarding cultivar evaluation in
winter oilseed rape.

MATERIALS AND METHODS

Data
Both METs (OF and OS) were conducted in Germany, and
their datasets cover a period of 8 yr (2007-2014).

On-Farm Data

The OF data were obtained in trials overseen and conducted
by Du Pont Pioneer in cooperation with local farmers. Their
intention was on the one hand to assess the performance of a
relatively small number of genotypes and on the other hand
to present these genotypes for marketing purposes. All trials
were sown with standard drilling technology either by Du Pont
Pioneer staff or by the farmers themselves. The sown plot was
at least 3 m wider than the harvested area of the plot. Crop
husbandry measures such as fertilization and spraying were
applied by the farmers according to their local practices. The
farmers harvested each strip with their combine separately,
whereas the respective yield was assessed and documented by
Du Pont Pioneer staff with the company’s technology as grain
yield corrected for 9% moisture in 107! t ha™!. This was done
via three different weighing methods that all used electronic
scales: (i) bagging scales with a weighing bag attached to an
aluminum frame on top of a trailer, (ii) weighing plates that the
trailer stands on, and (iii) trailers with an integrated weighing
system. Within each environment, only a single weighing
system and a single combine were used. The dataset comprises

WWW.CROPS.ORG

CROP SCIENCE, VOL. 58, JULY—AUGUST 2018

12

-farm and on -station trials for cultivar evaluation?



2. More, larger, simpler: How comparable are on

6680 plot records, arising from a median of 100.5 environments
per year and 801 environments in total (Table 1). There were 4
to 18 (median = 8) plots per environment, and genotypes were
never replicated within an environment. Within each year up
until 2012, one out of four possible genotype sets was tested at
each environment. Although all four sets included a core set
of seven genotypes with greatest commercial relevance in the
respective year, three sets also comprised two to five additional
and generally new genotypes. Starting in 2013, a fifth genotype
set was added, exclusively containing genotypes with a herbi-
cide tolerance. Accordingly, this set did not share genotypes
with the other sets and was tested at environments treated with
the corresponding herbicide. Finally, and for each environ-
ment individually, it was common practice to add one or two
genotypes that were of interest to the respective farmer. These
are subsequently referred to as external genotypes. Tall and
semidwarf genotypes were present in every environment, and
randomization plans kept them separate to improve comparisons
within growth types. During the first 2 yr, no randomization
within those groups was applied. For all the following years, one
out of four randomization plans was used to lay out each trial.
The median plot size was 710 m?, with a minimum of 27 m?
and a maximum of 3360 m?. On a yearly basis, new genotypes
were included, while others were excluded due to selection so
that the number of years a genotype was tested ranged from 1
to 7 yr (median = 2). In total, the dataset comprises 110 geno-
types (37 Pioneer, including 13 semidwarf; and 73 anonymized
external genotypes). The number of environments in which
a genotype was tested ranged from 1 to 618 (median = 76)
for Pioneer and 1 to 402 (median = 3) for external genotypes,
leading to 87.5% of all observations coming from Pioneer geno-
types. On average, ~~31 genotypes were tested each year (19
when excluding genotypes with only a single observation).

On-Station Data

The OS data were obtained in official trials run on behalf of
and supervised by the BSA. Their results serve as the basis for
variety registration decisions. Sowing and harvest were done
using standard field trial technology. Trial plots were separated
from neighboring plots by borders of the same genotype either
via the plot-in-plot or the double-plot approach. A procedure
where plants are physically separated (i.e., Scheiteln) was imple-
mented ~2 wk before harvest. Scheiteln is necessary, because
rapeseed plants of adjacent plots intertwine towards the end of a
season, Concerning crop husbandry, it was attempted to recreate
the farmers’ local practices with the exception of fungicides,

Table 1. Summary of multi-environment trial data for
on-farm and on-station datasets. Numbers in parentheses
represent medians.

which generally were not applied. Semidwarf and tall geno-
types were always grouped together. Whenever a semidwarf
plot was adjacent to a tall genotype plot, an extra semidwarf
plot was planted in between. The latter was not harvested but
only served as a buffer. Grain yield was harvested and weighed
according to BSA protocols (Bundessortenamt, 2014).

The OS data comprises 39,246 plot records coming from a
median of 20.5 environments per year and 171 environments in
total (Table 1). The BSA implements a procedure where geno-
types are tested and selected in a 3-yr evaluation cycle. Since new
genotypes are introduced on a yearly basis, stages of different
evaluation cycles overlap and all stages (i.e., first year, second
year, and third year) are present each year. Although genotype
sets from different evaluation stages may be tested at the same
environments, they are tested separately in adjacent trials. All
trials were laid out as RCBD with either three or four replicates.
The number of tested genotypes per environment ranges from
25 to 150 with a median of 70. In total, the OS dataset contains
information on 727 genotypes with a median of 149.5 geno-
types tested each year. The number of environments in which a
genotype was tested ranged from 6 to 171 (median = 11).

Dataset Comparability

In summary, we have data of winter oilseed rape genotypes
obtained within two different cultivar evaluation systems.
Grain yield was used as the response, as it is the most important
trait. It is important to note that the two datasets do not share a
single location, yet both are the result of a cultivar evaluation in
recent cultivation periods in the growing region of Germany.
Therefore, the target population of environments (TPE) of
both systems is comparable. Out of the total of 814 genotypes
(801 tall, 13 semidwarf), we found that both datasets share
a set of 23 (15 tall, 8 semidwarf) Pioneer genotypes (Fig. 2).
External genotypes were anonymized in the OF data. Hence,
any further shared genotypes among the external ones could
not be identified, and the 23 genotypes will be referred to as the
“identified shared” set. All Pioneer genotypes, but not all other
genotypes, are hybrids,

Analysis

The OF and OS data were combined into a single dataset and
then analyzed in a two-stage analysis (Mdhring and Piepho,
2009; Piepho et al., 2012, 2016; Schulz-Streeck et al., 2013).
In the first stage, OS data of each environment were analyzed
separately with a linear model. Because the OF trials are unrep-
licated, their environments cannot be analyzed individually, and
it is not possible to apply an analogous first-stage analysis. To
resolve this problem, an alternative approach (described below)
that allows for a joint analysis in the second stage was chosen.
In the second stage, two different bivariate mixed models

Parameter On-farm data On-station data were fitted to analyze data across environments (Mdhring and
Years 2007-2014 20072014 Piepho, 2009; Piepho et al., 2012, 2016; Schulz-Streeck et al.,
Data points 6,680 30,246 2013). All analyses were done with ASREML-R (Gilmour et
Total no. of genotypes 110 797 al.,, 2009) and SAS software 9.4 (SAS Institute, 2013),

Median plot size (m?) 710 10

Environments per year 76-121 (100.5) 17-29 (20.5) First Stage and Weighting

Replicates per environment 1 3-4 (3) In the first stage of our two-stage analysis, data per environment
Genotypes per environment 4-18 (8) 25-150 (70) were analyzed by modeling effects that account for the respec-
Environments per genotype 1-618 (4) 6171 (11) tive design. As a result, adjusted means (i.e., best linear unbiased
CROP SCIENCE, VOL. 58, JULY—AUGUST 2018 WWW.CROPS.ORG 3
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OF: 110 genotypes

23 identified
shared genotypes

Fig. 2. Venn diagram of genotypes exclusive to and shared
between the on-farm (OF) and on-station (OS) dataset.

estimators [BLUEs]) for the genotypes were obtained and could
be used as the response in the second stage to perform an analysis
across environments. The analysis for each year X location
combination was performed for the OS data using the model

y=G+T/R [1]

where y is the vector of observed plot vields, G represents
the genotypes, T represents the trials, and R represents the
replicates. The plot error associated with observation y is not
listed in the model for simplicity but is part of the fitted model
and was fitted as heterogeneous between trials. Here, we use
the notation described in Piepho et al. (2003), where the dot
operator () defines crossed effects (A - B), the crossing operator
(%) defines a full factorial model (A x B= A+ B+ A - B), and
the nesting operator (/) indicates that a factor B is nested within
another factor A (A/B = A + A - B). The colon () is used to
separate fixed (first) from random effects (last). Qur first-stage
model (Eq. [1]) takes all factors (except the plot error) as fixed.
G was taken as fixed to obtain a vector of adjusted genotype
means (¥, ), which are submitted to the second stage. T'and R
were also taken as fixed. When submitting estimates from the
first to the second stage, a weighting method was used to allow
for variances of and covariances between adjusted genotype
means, which can slightly improve precision (Mdhring and
Piepho, 2009). In this study, we used Smith’s weights (Smith et
al., 2001, 2005; Damesa et al., 2017), which can be obtained as
the diagonal elements of the inverse of the variance—covariance
matrix of the adjusted genotype means from the first stage.

For the OF data, each data point for a genotype in an
environment is simply taken as the genotype’s adjusted mean
(ie., y=7Y,). The effect for the main plot in the OF data
caused by separating tall and semidwarf genotypes was fitted
in the second stage.

Second Stage

One may set up a full model for analyzing MET data across
environments in a single system and then extend this to cover
both systems using a bivariate approach (Piepho and Méhring,
2011), allowing for heterogeneity of variance between systems
for the same type of effect and for correlations between systems
for any effect observed for both systems (Przystalski et al., 2008).
Below, we will develop different models, starting from the case
of a single system and then extending this to two systems. The

general approach taken for this extension can be described in
three steps:

1. Cross each effect of the single-system model (including
the intercept) with a factor S for system, which in our
case has two levels (OF and OS).

2. Assume heterogeneity of variance between systems for
all effects.

3. For any effect observed for more than one system, allow

for a covariance between systems.

In our case, a covariance is needed only when the effect
does not involve locations because the systems do not share
a single location. This is because locations are nested within
systems and any effect crossed with location can occur in only
one system. The factor § will be taken as fixed throughout
because our interest is in comparing systems.

Analysis Ignoring Growth Types. The standard model for
analyzing MET data with the addition of a random main-plot
effect across environments in a single system is

Y, =p+YXLxG+Y-L-M 2]

where ¥, is the vector of adjusted genotype X environment
means computed in the first stage, 1 is the overall intercept, Y
represents the years, L represents the locations, G represents the
genotypes, and M represents the main plot (Table 2). Note that
Y - L - Mis only fitted for the OF trials, where semidwart and
tall genotypes are allocated to two different main plots per trial.
In this model, all effects (except ) are taken as independent and
identically distributed random variables with constant variance
components (VCs).

As the OF trials involve no replication, we cannot perform a
first-stage analysis, meaning the observed plot data 1s transferred
as 1s from the first to the second stage, formally treating them as
the adjusted means obtained from OS trials. We therefore denote
these data as pseudoadjusted means. Moreover, we cannot dissect
plot errors from the highest order interaction effect with OF
data. To deal with this problem at the second stage of analysis,
we fix the error variance of the OF data to a tiny value and
estimate only the VC for the highest order interaction. This is
accomplished by giving all the pseudeadjusted means y, from
the first stage a very large weight (i.e., 100,000). The resulting
variance estimate will confound the error variance and the actual
interaction variance (see Discussion). Also, the analysis effectively
assigns the same weight to each OF trial because a trial-specific
error variance cannot be estimated.

Applying Steps 1 to 3 to Eq. [2], we obtain the corre-
sponding model for multiple systems:

¥, =S+8(YXLxG+Y-L-M) 3]

where S represents the systems and all other terms are defined as
for Eq. [2]. For all random effects, we assume heterogeneity of
variance between systems. Additionally, a covariance between
systems is allowed for S - Y, §- G,and §- V- G (Table 2).

Note that by estimating a covariance for, for example, S- G
effects, we are assuming a correlation between S - G effects for
the same genotype in the two difterent systems. The variance—
covariance matrix of S - G for a single genotype is
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Table 2. Full display of all models used in the second stage of the analysis in the notation described in Piepho et al. (2003).

Model Full modelt
Eq. [2] V=p+¥xLxG+Y-L- M
' = Y+L+Y. L +G+Y - G+L-G+Y-L-G+Y-L-M
Eq. [3] V=S+S-(YxLxG+Y-L-M)
’ =8:8-Y+S-L+S-Y-L+8-G+S-Y-G+S-L-G+S-Y-L-G+S-Y-L-M
Eq [4] Y=p+YxLx (DG
' =p+D:Y+L+Y - L+Y-D+L-D+Y . L-D+D-G+Y-D-G+L-D-G+Y-L-D-G
Eq. [5] ¥ =S+S-[¥xL x(D/G)

=S - (p+0+Y+L+Y - D+L.-D+Y.L-D+D-G+Y-D.-G+L-D-G+Y-L-D.-G)
=S+S:D:S.Y+S-L+S-Y L+S.Y.-D+S-L . D+S.¥-L.-D+S-D.G+S.Y-D.G+5-L-D-G+S-Y-L-D-G

T In models, the dot operator (-) defines crossed effects (A - B), the crossing operator (x) defines a full factorial model (A x B =A + B + A - B), and the nesting operator (/)
indicates that a factor B is nested within another factor A (A/B = A + A - B). The colon (1) is used to separate fixed (first) from random effects (last). ¥, is the vector of adjusted
genotype x environment means computed in the first stage of the analysis, p is the overall intercept, ¥ represents the years, L represents the locations, G represents the
genotypes, M represents the main plot, S represents the systems and D represents the growth type. For all random effects crossed with the system factor, system-specific
variances were fitted. Effects for which an additional covariance between systems is allowed are underscored.

2
Osc-0r  Osc—cov

2
O-S‘C—( ov US-G -0s

Accordingly, we can compute the correlation between the
two systems as p = o, /\[0os - Oop - In the extreme, this corre-

lation could be unity if the effects were identical in the two
systems, apart from scaling differences reflected by heterogeneity
of variance. The same reasoning applies for the corresponding
two correlated effects of the other two terms S+ Yand S+ Y-
G. Since the correlation is a standardized measure that can be
interpreted more intuitively, we always present the correlation
coeflicients instead of their corresponding covariance estimates.
Note that by applying Eq. [3], we obtain estimates for the same
variances as if we had analyzed the datasets separately with
the standard Eq. [2]. In addition, we obtain three covariance—
correlation estimates.

Analysis Accounting for Growth Types. Afterinvestigating
the two systems’ accuracies in the first analysis, we found a
systematic difference between the estimates per system for the
shared genotypes identified (see Results). This corroborated a
previous conjecture of a discrepancy between the two systems
regarding the relative performance of different growth types.
We therefore conducted a second analysis where we considered
a grouping of genotypes (G) into two categories, tall and
semidwarf, represented by a fixed factor for growth type (D).
For a single system, Eq. [2] extends to

¥, =p+YxLx(D/G) [4]

where all terms except D are defined as in Eq. [2] (Table 2).
Note that since a main plot in the OF data groups genotypes of
the same growth type, Y- L - Mis completely confounded with
Y- L - D, which is why we only use the latter in this analysis.
Applying Steps 1 to 3 to Eq. [4], we obtain the corresponding
model for multiple systems:

¥, =S+S:[yxLx(D/G)| 5]

where all terms are defined as in Eq. [2—4] (Table 2).

We applied Eq. [3] and [5] to estimate VCs and their SE,
best linear unbiased predictors (BLUPs), and adjusted means
(BLUESs), as well as to test fixed effects via Wald ” tests. For
visual comparisons of the two systems, we plotted BLUPs for
S+ G from Eq. [3] and for S - D - G from Eq. [5]. Based on

S-Dand S- D - G, which are present in Eq. [5] only, we were
able to add growth-type-specific lines: for a given growth type
(semidwarf or tall), we fitted the slope for a line in the plot
based on Eq. [5] as the first eigenvector obtained from a spectral
decomposition of the variance—covariance matrix of S- D - G
(Jackson and Dunlevy, 1988). Finally, we computed adjusted
means for § - D. Thus, for a given growth type, we obtained
two means, one for each system. These two means define a
point through which the line was fitted in the plot.

Evaluation Criteria

Precision

To allow for a meaningful comparison of precision, VCs and
their SE were estimated via Eq. [3] for each system. The main
focus of our analysis was then on the size of the plot error vari-
ances. As stated above, the error variances in both second-stage
models of this article were fixed to estimates from the first
stage. Estimates for the overall plot error VC were obtained as
follows: (i) for the OS data, the mean of the plot error variances
across all environments was estimated by assuming a ~ distribu-
tion and applying the generalized linear model

loglE (Ui,ml )J =X\ [6]
where Uilm is the plot error variance for the ith environment,
E denotes the marginal expectation, and X is an intercept.
The log function was chosen as the link function to link the
expected value of the ~-distributed plot error variance esti-
mates to the linear predictor (Cullis et al., 1996; Frensham et
al., 1998). Via Eq. [6], we obtained an estimate for the mean
plot error variance across environments (Eilm ), as well as its SE.
(ii) As explained before, for the OF data, no first-stage analysis
was conducted and no plot error variances per environment
could be estimated. Hence, in the second-stage analysis, we
obtained only a single VC that confounds the variances of error
and the highest interaction term. We present this estimate as an
upper bound to the error variance, denoting it as error variance
for simplicity, and display no variance for the highest inter-
action effect. Additionally, a main plot effect is fitted for the
OF data, whose VC represents a second plot error variance.
For the overall comparison of error variances, we sum up the
confounded OF plot error variance with the OF main plot error
variance. This sum then serves as an upper limit of the true
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OF error variance and is contrasted with the mean plot error
variance obtained for the OS data.

Accuracy
As a measure to compare the accuracies of both systems, we
first estimated the genetic correlation p (i.e., the pairwise
correlation of the same genotype in the two systems). It was
estimated in three different ways: (i) fitting Eq. [3] with S - G
set as random to the full dataset to estimate p,,; (ii) fitting Eq.
[5] with S - D - G set as random to the full dataset to estimate
Py and (iii) fitting Eq. [3], assuming S - G as random, to a
reduced dataset where all data points coming from semidwarf
genotypes were excluded to estimate p,. Note that the main
plot effects cannot be estimated for this reduced dataset.
Second, to test for S - G and S - D interactions, we slightly
modified Eq. [3] by taking S, G, and S - G as fixed and Eq. [5]
by taking S, D, and S - D as fixed. Due to the computational
burden, in this analysis, it was not possible to use the Kenward—
Roger approximation (Kenward and Roger, 1997); instead, the
number of denominator df was set to infinity, and thus a Wald x?
test was performed (Rao, 1973; Butler et al., 2009, p. 91).

RESULTS
Precision
Estimates for all VCs (and their correlations) are presented
in Table 3 and Supplemental Fig. S1. In general, esti-
mates are similar for both systems: the VC for location X
year interactions dominates those of years and locations.
Likewise, the sizes of the error VC estimates tend to be in
between the relatively large environmental VC (Y, L, and
Y - L) and those of the rather small VC for genotype main
and interaction effects (G, G- Y, G- L,and G- Y - L).
This overall relationship between VC sizes corroborates
findings by Laidig et al. (2008), who estimated VCs with
a comparable model for winter oilseed rape BSA data in
the period of 1991 to 2006.

Examining the differences, it can be seen that the
OS/OF ratio of VCs for Y, L, and Y - L are around or

Table 3. Variance component (VC) estimates with their SE for
grain yield, VC ratios and correlations between VC of winter
oilseed rape from German on-station and on-farm trial data
in the period 2007-2014 obtained via model (3).

VC estimate + SE On-station/
Factort On-farm On-station on-farm ratio Correlation
1072 t> ha™?
Y 111 +£6.2 120+ 73 1.09 0.51 £ 0.31
L 161 £ 2.7 82+35 0.51
Yeal 324 + 241 249 + 3.6 0.77
G 20+0.5 3102 1.58 0.66 = 0.19
Y-G 07 +0.2 1.0+ 01 1.37 0.60 + 0.27
L-G 0.3 £01 08+0.2 2.59
Yoo i@ - 33+02
Y-L-M 36+0.2
Error 54 +04% 6.7 +£0.2

1 Y = year, L = location, G = genotype, and M = main plot.

1 Highest interaction term and error variance are confounded and presented as
error variance.

below one, whereas those for G, G - Y, and G - L are all
>1.3 (Table 3).

Accuracy

Genetic Correlation

When applying Eq. [3] to the full dataset, p,,, was esti-
mated to be a moderate 0.66 with a SE of 0.19 (Table 4).
In contrast, the estimate for p ., is very high (0.97), and the
estimate for p, is even approaching unity.

Test of Interaction Effects
As can be seen in Table 5, for both S - G and S - D, inter-
action effects were found to be significant.

DISCUSSION

Precision

Why We Chose the Plot Error Variance

as an Evaluation Criterion for Precision

When deciding on a measure to compare the precision of
OF and OS trials, several choices are available. One option
is half the variance of a difference between two genotype
means. For balanced data, this is given by (Talbot, 1984):

2

2 2 2 2
oy, o 0o o,
YG LG YLG plot
Ve ==t ———— [7]
ny n, nyn; o Ay,

where Vi 18 the variance of a genotype mean, n,, n,, and
1, are the numbers of years, locations and replicates, respec-
tively, o7, , o2, ,and o, are VCsfor Y- G,L- G,and Y-
L - G, respectively, and o7, is the plot error variance. This
formula holds true only for balanced data, but it is useful
also when VCs were estimated from unbalanced data,
because it shows the impact of design variables, such as the
number of environments. Thus, comparing ng estimates
from different METs would only be fair if the same amount
of temporal and financial resources was available to conduct
the trials for the same set of genotypes in the same cultiva-
tion area. In other words, irrespective of the VC, it must be
clear that n, n,, and n,, which are essentially limited by
available resources, have a crucial impact on qu, which 1is
why one would have to include resource information to put
Ve from different trials into perspective.

Moreover, it can be shown that using heritability as an
indicator for the comparison is limited in a similar manner.
This becomes clear when using the ad hoc measure of
heritability (Holland et al., 2003; Piepho and Mohring,

2007), given as

2
I?Ilz’ieplm = TR — [8]
0% +0.57,,

2

where of; is the VC for the genotype main effect and v, is
the mean variance of a difference of two adjusted genotype
means. This latter quantity, and hence the heritability in Eq.
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