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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 

organismõs observable traits and determined not only by its genotype, but also by environmental 

factors and the genotype-environment interactions. Thus, heritability expresses the extent to which 

a phenotype is genetically determined. Its notation as Ὤ was introduced by Wright  (1920) as the 

degree of determination by heredity. Today Ὤ usually refers to narrow-sense heritability, whereas 

broad-sense heritability is denoted as Ὄ  (e.g. Xu, 2013). The difference between the two is that Ὤ 

considers only the additive component of the genotypic variance, while Ὄ  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 breeding and thus for individuals. Furthermore, it òwas a function of variance 

components only and was invariant; it did not contain  any properties or dimensions of the 

experiment.ó In plant breeding, however, it is usually not the individual plant that is considered. 

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 main reasons why the concept of heritability became an important concept for plant 

breeders: On one hand, it is a descriptive measure used to assess the usefulness and precision of 
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results from cultivar evaluation trials. On the other hand, it can be plugged into the breederõs 

equation:  

 Ὑ ὌὛ ȟ (1) 

where Ὑ is referred to as the response to selection or genetic gain and Ὓ is the mean phenotypic 

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

allows for predicting Ὑ in a breeding program.  

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

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

 ώ ‘ Ὣ ὦ ‐ ȟ (2) 

where ώ  is the observation of the Ὥth genotype in the Ὧth replicate, ‘ is the intercept, Ὣ is the 

effect for the Ὥth genotype, ὦ is the effect for the Ὧth block and ‐  is the plot error effect 

corresponding to ώ . Here, Ὣ is taken as random, so that a genotypic variance „  and error 

variance „  can be estimated. To obtain an estimate for the phenotype of the Ὥth genotype, on 

may obtain ώϽ 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 

 
„ „

„

ὲ
 Ȣ (3) 

Finally, broad-sense heritability would be defined as 

 
Ὄ

„

„

„

„
„
ὲ

 Ȣ 
(4) 

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

òa function of the properties and dimensions of the experiment.ó Thus, for a plant breeder the 

concepts of heritability and experimental design are closely linked. Therefore, I 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. 
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1.1 Plant breeding trials: the early days  

When tracing back the history of plan t breeding trials, one quickly finds that Ronald Aylmer Fisher 

is seen as òthe undisputed creator of the modern field that statisticians call the design of 

experimentsó (Savage, 1976). There have obviously been field trials before the 1920s, but it was 

Fisher, e.g., with his 1935 book The Design of Experiments that 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 a balanced/orthogonal 

dataset. When single observations are missing, they were traditionally imputed before ANOVA  

(see e.g. Cochran and Cox, 1992 Ch. 3.71). To obtain balanced data in the context of (2), we must 

have complete replicates/blocks and thus (i) a constant ὲ across genotypes and (ii) blocks of size 

ὲ (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) points out that òin agricultural experimentation [a large number of 

treatments/genotypes to be tested in blocks] expresses itself very simply in the increased size of 

the blocks of land, each of which is to contain plots representative of all the different [treatment] 

combinations to be tested.ó When genotypes are tested in a series of trials at multiple locations 

and/or across several years, as is common practice in plant breeding, it becomes a multi -

environment trial  (MET), where a year × location combination is referred to as an environment. 

When a MET is conducted at ὲ environments in a target population of environments (TPE), both 

ὲ and ὲ need to be constant across the ὲ genotypes.  

The fact that many of Fisherõs ideas are still taught today as the basis of statistics in agriculture 

demonstrates what a fundamental impact they had and still have. Notice that the trial and analysis 

as described for (2), which I will from now on refer to as Fisherõs method, is a representative 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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òUnfortunately, as so often happens,  

mathematical extensions, conceived as improvements,  

appeared.ó (Yates, 1990, p. xxviii) 

1.2 Plant breeding trials: recent developments  

In this section, I 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 I start, I would like to clarify that Fisherõs method is not outdated in the sense 

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 ὲ across genotypes. If such a 

more recent experimental design is used, however, Fisherõs method is consequently no 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 o ver 

multiple years,, e.g., in a three-year-cycle. Yet, since 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 for unbalanced 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. 
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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 the first to use the word òmixedó in the context of linear models including 

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, analyzing unbalanced 

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

(Plant Breeding Statistical Program), which uses Fisherõs method and was and still is popular among 

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 genotype-year) are treated as missing values. When more than 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 Experimental design on the environment level 

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 as lattice 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) showed that the latter two òclearly 

outperform replicated and classical augmented designsó in terms of efficiency. Hence, now the 

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, 1991) even via smoothing methods such as 

P-splines (Rodríguez-Álvarez 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 add-on 

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 small-scale variation. They 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 pointed out from the beginning òthat plot error 

variance is variable from one experiment to another [ê] and there is nothing that compels the 

variances of the GE interaction effects to be homogeneousó (Comstock 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 Edwards, 

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 environ ments, 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 Genotypic variance structure 

Examining (3) it can be seen that a single estimate for „  is required, which corresponds to the 

single genotypic variance estimate we obtain via Fisherõs method for (2). The implication is, 

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, 2008; Würschum, 2012; Crossa et al., 2017). Especially the latter 

is very popular nowadays, as many plant breeders perform some type of marker-assisted selection 

(i.e. genome-wide association study (GWAS) or genomic selection). Thus, once again a variance-

covariance structure (that is different from ID) may be introduced to the mixed model of a plant 

breeder ð 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) point out: òPrior to 

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 experiments accommodating heterogeneity of variance at various levels 

(treatment by environment interaction and error) and spatial correlation at the field  level, was 

beyond reach.ó It may be interesting to note here that òFisher had little interest in computers, then 

in their infancy, and referred to their calculations as ôMecano arithmeticõ.ó (Yates, 1990, p. xxxi) 
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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 I will from now on re fer to this combination of 

advanced experimental design with a mixed model analysis as the modern plant breeding setting. 

In fact, when asked to provide a recent dataset from a plant breeder that can correctly be analyzed 

via Fisherõs method, one may find that this requires some searching.  

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) state that òthe 

need for standardization of the concept of heritability is evidentó, the general approach towards 

heritability estimation in context of plant breeding and experimental designs remained 

unchanged. Considering the standard formula for heritability on an entry -mean basis (Ὄ ȾὬ ) 

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 p-rep designs.   

Yet, for several decades the relevant passages on the estimation of heritability on an entry-mean 

basis did not seem to go beyond  ònormally plots are replicatedó (Wricke and Weber, 1986, p. 45) 

and even today Ὄ ȾὬ  is taught at universities and sometimes applied in scientific publications, 

even though an analysis methodology more sophisticated than Fisherõs method was used. 

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, Chapter 2 exemplarily demonstrates some of the flexibility and benefit of 

the mixed model framework for typically unbalanced MET as described above. Here, a bivariate 

mixed model analyses is 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, 
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which serve as the basis to subsequently estimate heritability. Then in Chapter 3, 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 Chapter 4. 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 the first may correctly be analyzed via Fisherõs method, 

while the last shows multiple aspects described above as the modern plant breed ing setting. 
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2. More, larger, simpler: How comparable are on-farm and on-station 

t rials for cultivar evaluation?  

P. Schmidta, J. Möhring a, R. J. Kochb, and H.-P. Piephoa 

a Biostatistics Unit, Institute of Crop Science, University of Hohenheim, Fruwirthstrasse 23, 70599 

Stuttgart, Germany 

b Pioneer Hi-Bred Northern Europe Sales Division, Apensener St. 198, 21614 Buxtehude, Germany 

 

Abst ract  

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 fe deral 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 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 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 investigated the genetic correlation between systems and tested for 

genotype × 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  × 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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