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Abstract The increase in popularity of high-throughput genotyping in breeding
programs is associated with recent advances in DNA sequencing technology and
large decreases in genotyping costs. However, the limits of using genotyping for
making predictions and, therefore, identifying potential candidate materials for
selection thus reside in the quality of the phenotyping. High-throughput pheno-
typing technologies have been developed and implemented prior to planting and
during cultivation. Much of this phenotyping has occurred in relatively small and
restricted environments where many influential factors in the quality of phenotype
can be adequately controlled. In many situations, however, it is necessary to per-
form phenotyping under field conditions. In this case, depending on the charac-
teristic of interest to be collected, the influence of factors difficult to be controlled in
such adverse conditions can cause the need for use of alternatives that can ensure a
sufficiently accurate and precise phenotyping. In this sense, the science of Statistics
contributes with an important role, either in the use of traditional basic concepts, in
the planning of controlled experiments, or in modeling and developing appropriate
analyzes. This chapter will discuss several experimental designs that can potentially
be used for phenotyping under variable conditions, describing their various char-
acteristics. Also it will address on topics related to the problem of obtaining
accurate and precise phenotypic information, and the role of statistics in the success
of this venture so fashionable today.
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2.1 Introduction

Genotyping is becoming increasingly routine and more widely accepted in breeding
programs. This increase in popularity is associated with recent advances in DNA
sequencing technology and large decreases in genotyping costs. As high-throughput
genotyping can be performed with satisfactory quality, the limits of using geno-
typing for making predictions and, therefore, identifying potential candidate
materials for selection thus reside in the quality of the phenotyping (Lado et al.
2013). Genotyping is now highly mechanized and uniform across organisms, but
phenotyping methods still vary by species, are laborious, and are sensitive to
environmental variation (Cobb et al. 2013). The ideal situation would be a phe-
notypic characterization that does not have any errors and therefore reproduces the
true population or individual phenotypic value, at least for the conditions under
which it is measured. However, to obtain an accurate predictive model, the genetic
differences among the materials and the experimental conditions that affect the
precision of the phenotypic value should be taken into consideration.

Regarding field experiments in which the breeder will select the materials,
detailed knowledge of the field conditions and the material being selected is
essential for a successful breeding program. To obtain this information, high-
throughput phenotyping technologies have been developed and implemented prior
to planting and during cultivation. When possible, characterization of the experi-
ment before planting provides better information on the heterogeneity of the field
and therefore allows one to define experimental strategies for subsequent, more
accurate phenotyping studies. In addition, the measurements made during crop
growth seek to reduce the variance caused by any nongenetic factor to which the
material may still be subjected (Cabrera-Bosquet et al. 2012; Masuka et al. 2012;
Crossa et al. 2006).

If the researcher is unable to use advanced phenotyping technologies or can only
use a limited aspect of these technologies, traditional methods can be applied to
studies, including effective experimental designs that can capture a large portion of
the field variance, as well as correction methods employed during modeling and
data analysis. In this context, various strategies can be employed, including strat-
egies for spatial analysis that involve modeling the covariance matrix of the errors
and the polynomial functions of rows and columns for fitting spatial trends.

Genetic analysis of field materials has two aims: (i) to infer the genotypic values
of the materials and (ii) to rank the genetic materials by their genotypic values.
Clearly, there is no interest in estimating the phenotypic means of the genetic
materials in the experiments aimed at estimating the genetic means, also known as
the genotypic values. In other words, the researcher is interested in future means,
when the materials are planted again on commercial farms after the selection
process. When planted commercially, even when planted at the same site or in the
same region as the experiment, the effects of blocks and plots and the random
environmental effects will not be repeated. As these effects are included to an extent
in the phenotypic means, they are not sufficient to draw conclusions concerning the
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genotypic values of the genetic materials. Thus, utilizing phenotypic means for
predicting results of subsequent studies is not desirable or recommended. On the
contrary, the breeder is interested in the genotypic values free of environmental
effects. These should be the values used for analyses of future outcomes (e.g.,
subsequent analyses based on molecular marker linkage, genomic selection,
quantitative trait loci identification, and differential gene expression analysis by
RNA-seq) based on genotyping data, thus allowing for better model predictions and
ensuring conclusive results.

However, phenotyping via field experiments is generally associated with
unbalanced data for several reasons, including plant and plot losses, unequal
numbers of seeds and seedlings available for treatments, experimental networks
with different numbers of replicates and different experimental designs, and non-
evaluation of all combinations of genotypes and environments. In addition, when
the automated collection of phenotypic data is impractical and a group of
researchers analyzes the materials in the field, researcher bias can decrease accu-
racy. Thus, statistical models should include all of the sources of variation and noise
to better “correct” the measured phenotypic values. Therefore, the optimal proce-
dure for genetic analysis is restricted or residual maximum likelihood/best linear
unbiased prediction, also generically called mixed linear models. Mixed-model data
analysis allows for various sources of variation to be included in the model, without
impeding analysis. In addition, these models seamlessly handle unbalanced data,
leading to more precise estimations and predictions of genetic parameters and
genetic values, respectively.

Currently, the development of effective phenotyping methods requires multi-
disciplinary collaboration involving biologists, agronomists, computer scientists,
engineers, and statisticians (Cobb et al. 2013). The level of expertise required is
related to the use and development of equipment for automated and efficient data
collection, the definitions of the variable of interest to be collected, appropriate field
conditions for plant growth and analysis, volume of data to be collected, stored and
analyzed and, finally, the planning of experiments to better control for systematic
variations. For data analysis, the wide availability of computer resources (software
and computational power) has facilitated the work of statisticians during experi-
mental planning. In the past, it was common to have restrictions for implementing
various experimental and field data collection designs because the theoretical
knowledge and available computational power were limiting factors. Now, it is
possible to obtain more accurate means (or effects) for complex experimental
designs in the context of mixed linear models, therefore ensuring greater effec-
tiveness of subsequent analyses that require sufficiently accurate phenotypic values.

In addition to mixed models, Bayesian analyses have facilitated data analysis
and have increasingly ensured that one can obtain adjusted data with the desired
quality. Bayesian analysis provides more precise estimates of variance components,
genetic parameters, genetic values, and genetic gains, in addition to allowing for
accurate analyses of samples with finite sizes. The informational richness provided
by this approach allows for the determination of point estimates and probability
intervals for the posterior distributions of the parameters. The great advantage is
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that it is a modeling approach whereby, via the prior distributions of the effects and
model parameters, a researcher can incorporate future knowledge regarding the
problem in question. More details on this data analysis approach can be found in the
literature (Silva et al. 2013; Resende 2002).

Although there is consensus in the numerous publications that address the
importance of increasing the accuracy of phenotyping in field studies, little has been
noted regarding the experimental designs that would be the most appropriate for
experiments in which large-scale phenotyping is desired. This chapter will discuss
several experimental designs that can potentially be used for this purpose,
describing their various characteristics and results to the extent that the reader can
implement them satisfactorily.

2.2 Basic Principles of the Experiments

Experiments differ among studies. However, all experiments are guided by several
basic principles established at the beginning of the twentieth century by Fisher in
several of his publications (Fisher 1926, 1935). The use of these principles (rep-
lication, randomization, and local control) is necessary to obtain valid conclusions.

The principle of replication consists of applying the same treatment to several
plots within the same experiment for estimating the experimental error, or residual
variance.

The principle of randomization provides all of the experimental units the same
chance of receiving any of the treatments, thus preventing one of the treatments
from being systematically favored or disfavored by external factors. A great benefit
of randomization is to provide reliability for the estimates of the experimental error
of the means for the treatments. By allowing the experimental error to be validly
estimated, this principle ensures the use of significance tests (e.g., comparisons of
treatment means) by making the experimental errors independent.

Finally, local control is a commonly applied principle, but it is not obligatory
because experiments can be conductedwithout it. Thegoal of local control (or blocking)
is to divide a heterogeneous environment into homogenous sub-environments.
Treatments are distributedwithin the sub-environment,making the experimental design
more efficient by reducing experimental error.

2.3 Experimental Design

There are no explicit citations for the experimental designs most commonly applied
for large-scale phenotyping. Several studies (Araus and Cairns 2014; Fiorani and
Schurr 2013; Cobb et al. 2013; Poorter et al. 2012) have noted the importance of
organizing experiments according to an experimental design that allows for
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increasing the accuracy of the phenotypic information, but few studies name these
designs (Lado et al. 2013; Auer and Doerge 2010).

Because the main interest of the researcher when evaluating various phenotypic
characteristics is to better characterize the material under analysis, by destructive
means or not, it is expected that collecting the most accurate data is of utmost
importance. In this context, the term accuracy should be well understood.
Figure 2.1 illustrates the concepts of accuracy and precision.

Accuracy is defined as the correlation between the true genotypic value and the
value estimated from the genotypic and phenotypic data from the experiments. An
accurate estimator has a small difference between the true and estimated values, that
is, it has a small mean squared error (MSE). An optimal estimation/prediction method
should minimize the MSE, given by MSE = bias2 + precision = bias2 + PEV, where
PEV is the prediction error variance. Thus, a minimum MSE estimator has little or no
bias and high precision (low PEV). With no bias, MSE = PEV.

The concepts of bias, precision, and accuracy are illustrated in Fig. 2.1. High
accuracy (the capacity to hit the target) is a combination of high precision (low
variance in the various attempts; i.e., low PEV) and low bias (mean of the various
attempts equal to the prediction target). Thus, accuracy is the ability to identify the
truth, and precision is the ability to always obtain the same answer but not nec-
essarily the truth.

Designs recognized as having potential to improve the effectiveness (less pre-
diction variance) of phenotyping in field experiments include the randomized
complete block design (RCBD), the augmented block design (ABD), and the
incomplete block design (IBD), with their possible variations.
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Fig. 2.1 Illustration of the concepts of accuracy, precision, and bias. a High bias, low precision)
low accuracy; b low bias, low precision ) low accuracy; c high bias, high precision ) low
accuracy; d low bias, high precision ) high accuracy. The vertical red line shows the true value
(target value). The vertical green line shows the prediction bias. The shape of the curve shows the
precision: a curve more concentrated at the mean implies higher precision (low PEV), while a
curve less concentrated at the mean implies less precision (high PEV). PEV, prediction error
variance
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ABD is most commonly used in the initial steps of a breeding program when
there is still a substantial amount of material to be analyzed and, mainly, when there
is little propagation material (and thus, the replication of treatments is difficult or
impossible). One advantage of ABD is the ease of establishing the experiments,
which is particularly useful for sugarcane breeding programs, for example (Souza
et al. 2006; Peternelli et al. 2009). RCBD, in turn, is more commonly used in the
later stages of breeding programs when, in addition to possessing sufficient prop-
agation material to perform several replicates, more reliable conclusions concerning
the analyzed treatments are desired. In contrast, RCBD is unviable when the
number of treatments is large. Under this scenario, the block will be very large and
will likely encompass heterogeneous conditions, thus limiting the efficiency. IBD,
in turn, is employed when the block size is smaller than the number of treatments. If
the researcher purposefully creates the blocks according to the number of treat-
ments, the blocks may become very large, which will result in environmental
heterogeneity within the block, thus leading to high prediction error. For this rea-
son, IBD is preferred when homogeneity within the block is needed. This homo-
geneity can be guaranteed, for example, when the block to be homogeneous could
only contain 20 plots, but the researcher must phenotype more than 20 different
materials (treatments).

Several other aspects regarding these designs will be discussed. Theoretical and
practical details of the analysis of these designs can be found in Resende (2007),
Faraway (2005), Ramalho et al. (2005), Hinkelmann and Kempthorne (1994, 2005),
Barbin (2003), Storck et al. (2000), Steel et al. (1997), Scott and Milliken (1993),
Cochran and Cox (1992), Banzato and Kronka (1989), and Cox (1958).

2.3.1 Randomized Complete Block Design

RCBD is the most widely used of all of the experimental designs. It is suitable when
there is complete homogeneity in the experimental conditions. In this case, the
experimental area or material is divided into blocks (or groups), maintaining
homogeneity within each block, and each block contains at least one replicate of
each treatment distributed randomly within each block (Fig. 2.2).

Replicate 1 Replicate 2
1 4 7 1 2 3
2 5 8 4 5 6
3 6 9 7 8 9

Fig. 2.2 Layout of an experiment employing a RCBD with nine treatments. There are two
replicates in this arrangement (often called blocks). Treatments are numbered 1–9. In an RCBD, if
one wants to add control treatments, the controls are allocated to new plots within each replicate.
Within each replicate (or block), the treatments are allocated randomly
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In experiments with this design, the blocks should be defined in a layout that
confers homogeneity to each block. Theoretically, it does not matter if the exper-
imental conditions in one block differ from the experimental condition of another
block because these differences do not cause treatment × block interactions. This
lack of interaction means that comparisons between pairs of treatments, for
example, are not affected by the block in which these treatments are established.

It is important to emphasize that the use of an RCBD when it is not necessary
results in a loss of efficiency and a decrease in the precision in the experiment.
However, in general, it is necessary to divide the experimental area into homoge-
neous blocks that contain the treatments. Thus, this type of design is widely used
for field conditions.

2.3.2 Augmented Block Design

ABD has been employed in various phases of breeding programs (e.g., for sugar-
cane). Initially proposed by Federer (1956), an ABD allows for genotypes to be
analyzed without using replicates; only the controls are replicated (Fig. 2.3).

The experimental error can be estimated from the controls. This design is a type
of IBD and is commonly called Federer blocks, in honor of its creator. This design
is unbalanced and nonorthogonal. Thus, it should be analyzed using a mixed-model
method.

The establishment of an ABD is very simple. It starts similarly to an RCBD with
controls. However, the treatments, or new materials, are distributed among these
blocks but not replicated between blocks. The statistical analysis of this design
entails a fit of the “effects” attributed to each treatment, corresponding to a
penalization of the treatments allocated to the best blocks and a bonus for the
treatments located in the worst blocks.

In certain instances, two replicates are included when enough material is
available to obtain a better estimate for the effects of each treatment, thus doubling
the material requirements and operational costs of the program and reducing the
area available for other goals or reducing the number of clones available in the area.
However, by keeping the size of the experimental area constant, numerous studies
have demonstrated that this practice of doubling the ABD does not necessarily

Block 1 Block 2
1 4 7 10 11 12
2 5 8 13 14 15
3 6 9 16 17 18
A B A B

Fig. 2.3 Layout of an ABD, with 18 treatments and two controls. There are two blocks in the
arrangement. A and B are the controls. Treatments are numbered 1–18. All of the treatments and
controls are randomly distributed across the blocks
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result in gains in estimates of treatment effects (Peternelli et al. 2009). The greater
difficulty is in defining the material that should be used as a control, thus providing
the estimate of the experimental error. It is possible that this estimate is influenced
by the choice of controls. Therefore, the researcher should use this design with care.

2.3.3 Incomplete Block Design

As mentioned previously, the heterogeneity within very large blocks will lead to a
larger experimental error, which makes the phenotypic estimates of interest less
precise by reducing the precision of the experiment. In the IBD design, the blocks
are smaller, leading to less environmental heterogeneity within the blocks. The
theory behind the planning and use of this design is extremely complex. Below, we
briefly describe several concepts and peculiarities underlying IBD. However, there
are several other important concepts and details of the analysis that must be
addressed and are important to note. Valuable references on this topic are cited at
the end of this chapter.

IBD designs can be classified into two categories: resolvable designs, in which
the blocks can be grouped into replicates, and nonresolvable designs, in which the
blocks cannot be grouped into replicates. Resolvable designs are preferred because
analyses can be performed, when necessary and possible, using the completely
randomized block design.

For the explanations below, the following definitions apply: v = number of
treatments, k = size of the blocks or number of plots within each block, b = number
of blocks, and r = number of replicates in the experiment.

Suppose that there are r replicates and v treatments. Additionally, suppose that
within each replicate there are b blocks, each of size k. Figure 2.4 provides an
example of this design.

In this layout, the blocks can be grouped into treatment replicates (resolvable
design). Some authors (Williams and Matheson 1994) call this a generalized lattice
design.

A balanced lattice square design is the most efficient IBD design if the aim is to
compare two treatments. In this design, v = k2, which may restrict its use in practice.
To be balanced, r = k + 1. The high efficiency of the balanced IBD design is attributed
to all of the treatment pairs occurring in at least one block of the experiment. However,
for all of the treatment pairs to occur together at least once, a large number of

Replicate 1 Replicate 2
Block 1 2 3 1 2 3

1 4 7 1 2 3
2 5 8 4 5 6
3 6 9 7 8 9

Fig. 2.4 Layout of an experiment using an IBD with nine treatments. There are three blocks
(b = 3), two replicates (r = 2), nine treatments (v = 9) and the blocks have a size k = 3
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replicates is needed (r = k + 1), which could prevent the implementation of a balanced
IBD in practice. In this case, a partially balanced lattice square can be established. This
design is obtained by considering a number of the k + 1 replicates from a balanced
design. Therefore, another more practical design that can be implemented in the field
is the alpha-lattice design (Patterson and Williams 1976), in which the v treatments are
arranged in b blocks of size k, such that v = ks, for s > 1.

An advantage of alpha-lattice over the lattice square is the ability to use a large
number of v values. That is, the relationship v = ks in the alpha-lattice is less
restrictive.

2.4 Modeling and Appropriate Analyses

There are various types of analyses for incomplete block experiments: (a) intrablock
analysis, in which comparisons are only made between plots in the same block to
estimate the treatment effects; and (b) analysis with recovery of interblock infor-
mation, in which comparisons between blocks are also used to estimate treatment
effects. Because it provides more precise results, the latter type of analysis is used
by most computer programs in the context of mixed-model analyses.

If the researcher has additional available information that can contribute to a
better fit (correction) of the phenotypic values collected in the field, additional
analyses can be incorporated into the design model. Several examples are discussed
in the following sections.

2.4.1 Covariance Analysis

If supplementary information that can somehow predict the performance of the
experimental units is available, which would be the case when several variables are
collected in the experiment, it is sometimes possible to estimate the extent to which
the observations of interest were influenced by the variations in these supplemen-
tary measurements. The aim of these analyses would then be to adjust the mean
response of each treatment to remove the experimental error from this external
source, the covariate. Thus, the variance from the supplementary variable is
removed from the experimental error, without having to include this variable in the
experimental design. In summary, the usefulness is the removal of the experimental
error that arises from external sources of variation, which would be impractical or
very expensive to control for using more refined techniques. A typical covariate is
the stand of plants per plot, which varies between plots and, therefore, should be
controlled for during analysis and not by design.

Aulchenko et al. (2007) proposed fitting the model y ¼ Xbþ Zgþ e, which
yields ê ¼ y� Xb̂� Zĝ after fitting, where g is a vector of polygenic effects. The
model ê ¼ 1uþWmi þ e is then fit to the residuals (ê) to identify the significant
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markers (mi). This analysis seeks to capture only the effects associated with
Mendelian segregation, which arise only from the linkage disequilibrium between
markers and genes. Thus, this approach is applicable to genome-wide association
studies (GWAS) and genome-wide selection (GWS) of advanced generations, as
opposed to the training population. Conversely, the fitting of the model y ¼ Xbþ e
is applicable to GWS in the current generation and in the short term (a few gen-
erations after the training population) and contains both the genetic effects from
Mendelian segregation and those explained by genealogy (which are contained in
the residuals ê ¼ y� Xb̂), which are used for genomic analyses. In both models, the
data in y are adjusted for the effects of the covariates in b̂.

2.4.2 Spatial Analysis

The researcher will often want to conduct his or her experiment in a new area and,
therefore, does not have in-depth knowledge of the spatial heterogeneity of the site
where the experiment is being implemented. Thus, when the heterogeneity is
unknown a priori, the definition of blocks becomes arbitrary, which can result in
strong heterogeneity within blocks, thus causing a decrease in the efficiency of the
chosen design. When the program does not have the technology and resources
required for the high-resolution collection of data on spatial variation in variables at
the study site, one alternative is to randomly allocate plots of a single plant in the
experimental field and then control for environmental heterogeneity by using
covariance analysis to correlate a covariate with the studied variable (Papadakis
method: Papadakis 1984) or by using regional or spatial variables (geostatistical
methods). Potentially, a posteriori fitting of the environmental gradients in progeny
tests may significantly increase the effectiveness of the selection of genetic
parameters. Thus, establishing randomized plots of a plant (completely randomized
design) is important. However, Gilmour (2000) advises that a posteriori blocking
should not be based solely on the statistical significance of arbitrary contrasts. The
researcher should identify the physical and environmental causes that lead to a
given type of blocking. If the number of treatments and partitions allows the
researcher to use a certain, efficient experimental design, they can reduce the need
for a posteriori fitting techniques (e.g., spatial analysis; Resende 2002).

2.4.3 Polynomial Functions for Rows and Columns
for Fitting Spatial Trends

This method is based on the procedure proposed by Federer et al. (2001), which
basically involves the selection of a polynomial function for the rows and columns
that refer to the coordinates of the experimental plots to better absorb the random
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variations inherent in the data, according to the model for the design implemented.
The mean values associated with each treatment will thus be corrected by this
function, providing adjusted values that are used in subsequent analyses.

2.5 Important Considerations

2.5.1 More on Accuracy and the Number of Replicates

Figure 2.5 illustrates the accuracy of the data collected for a given individual as a
function of the number of replicates of that individual (pure line or clone; i.e.,
absent of genetic variability but with environmental variability). If the trait follows
a normal distribution with a mean µ = 10 and σ2 = 4, sampling replicates (e.g., r = 1,
2, 3, 4, 5) produce the plots shown in Fig. 2.5. When the environmental variability
can be removed by blocking, the precision of the estimate (even with only one
replicate) is much larger; that is, the curve will be more concentrated around the
true value µ.
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Fig. 2.5 Illustration of the range of values for trait X that can be obtained from various numbers of
replicates of the experimental material. In this case, we are assuming X * Normal (10, 4), which
exhibits a CV = 20 %. Thus, with five replicates of the experimental material, it would be
practically impossible to obtain a mean value greater than 12, but sampling only one replicate
(r = 1) would likely yield values from 5 to 15. It is assumed that there is no genetic variability

2 Experimental Designs for Next Generation Phenotyping 25



2.5.2 Plot Size and the Number of Replicates

Several studies have confirmed that designs with a small number of plants per plot
and numerous replicates are more efficient than those with numerous plants per
plots and a small number of replicates (de Resende 2002). This relative superiority
comes from the following: (a) the higher precision in the comparisons between
treatments because of the greater number of replicates for a fixed-size experimental
area; (b) the greater selective accuracy because of the greater number of replicates
in a fixed-sized experimental area; (c) the greater individual heritability in the block
because of the creation of more homogeneous blocks; (d) the lower overestimation
(from any genotype × environment interaction) of heritability and genetic gain in a
site because of the greater number of replicates analyzed (which may represent
various environments); and (e) the smaller size and greater homogeneity of the
block, reducing the need for spatial analysis of the experiments because local
control is more effective.

As will be discussed, the plot should be considered the observational unit for
data collection. For example, in sugarcane, the concept of plots of one plant should
be interpreted as one furrow per plot for situations when all plants of a furrow are
combined together in a composite sample to proceed with analyses. In this case, the
individual heritability is defined as the heritability of a furrow and the number of
replicates is determined as a function of the magnitude of this heritability at the
furrow level.

The determination of sample sizes (in terms of numbers of replicates) for the
estimation and prediction of various practical genetic breeding scenarios are
explained by Resende (2002). To determine sample size, the criteria chosen was the
maximization of the selective accuracy (the correlation between the true and esti-
mated genetic values) as the number of replicates was increased (Table 2.1).

For example, with a heritability of 40 %, an accuracy of 90 % can be obtained
with approximately seven replicates per clone. These are the recommended num-
bers per site. When there is a considerable genotype × environment interaction and
a large planting area, experiments should be repeated in other sites before selection
to minimize the adverse effects of the genotype × environment interaction.

When a researcher is conducting experiments with families, the genetic vari-
ability within the family contributes to the complexity of the problem. Thus, one
must know the number of genotypes representing the families under study to
determine the appropriate plot size and the number of replicates. In sugarcane
breeding, for example, recommendations in the literature vary from 16 to 150 plants
per family. In addition, the recommendations vary greatly depending on the
parameter to be estimated and the type of trait to be analyzed (Peternelli et al. 2012;
Leite et al. 2006, 2009).

A general approach for choosing sample size uses the confidence interval (CI; a
95 % CI is considered appropriate) for the sample mean (�y) of a normally distributed

population. In this case, CI ¼ �y� 1:96 sð�yÞ, where sð�yÞ ¼ ðr̂2�nÞ1=2 = the standard
error of the mean. Thus, one can set a tolerance error (δ) in the estimate of the mean,
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given by d ¼ 1:96 sð�yÞ ¼ ðr̂2=nÞ1=2. From this expression, n ¼ ð1:962r̂2Þ=d2,
which is the adequate sample size for an error tolerance of δ. The error tolerance is
chosen by the researcher. If r2 is unknown, the estimated r̂2 and t value (1.96) from
Student’s distribution is used in place of the z-score of the normal distribution.

Thus, to determine n, the δ for the estimate of the mean must be chosen and there
must be an estimated r̂2 for the phenotypic variability of the population. The error δ
can be specified as a percentage of the mean (e.g., 10 %). In this case, δ is given by
0:10�y.

Thus:

n ¼ 1:962r̂2

ð0:10�yÞ2 ¼
1:962r̂2

0:102�y2
¼ 1:962

0:102
r̂
�y

� �2

¼ 1:962

0:102
CV2;

where CV is the coefficient of variation of the trait in the population (Resende
2007). Using this approach, only an estimate or prior knowledge of the individual
phenotypic CV in the population is required: the larger the CV, the larger the
required sample size (Fig. 2.6).

For binomial variables, using the approximation to the normal distribution, the
same expression for n can be solved by replacing r̂2 with p(1 − p) and �y with p,

Table 2.1 Adequate number (N) of replicates per clone, in clonal tests, as a function of individual
heritability (in one plot) (h2g), broadly speaking, to obtain an accuracy (rĝg) of 90 and 95 %

h2g N for
rĝg = 90 %

N for
rĝg = 95 %

h2g N for
rĝg = 90 %

N for
rĝg = 95 %

0.05 81 176 0.40 7 14

0.10 39 84 0.45 6 12

0.15 25 53 0.50 5 10

0.20 18 38 0.60 3 7

0.25 13 28 0.70 2 4

0.30 10 21 0.80 2 3

0.35 8 17 0.90 1 2

0.0 0.2 0.4 0.6 0.8

0
50
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n

Fig. 2.6 Sample size (n) as a
function of the phenotypic
coefficient of variance (CV) of
the trait in the population
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where p refers to the observed proportion of the phenotypic class defined as
“success.” In the absence of information on p, one can use p = 0.5, which guar-
antees the largest variance possible.

2.5.3 Genetic Sampling and Effective Population Size

The genetic representativeness or effective size of a family is relevant to pheno-
typing in two aspects: (i) determining the size of the family in the experiment and
(ii) obtaining adequate genetic representativeness of populations.

The effective size of full-sib families is given by Nef ¼ ð2nÞ=ðnþ 1Þ, where n is
the number of individuals per family. The values of Ne for various values of n are
listed in Table 2.2. This table also provides the results for half-sib and S1 families,
which are discussed later.

Table 2.2 lists the number of individuals per family necessary to achieve a
specific percent of the maximum Nef of the family. An sample size of 100

Table 2.2 Effective size (Nef) and the fractions of the maximum effective size (Nefmax) of a full-
sib, half-sib, and S1 family as a function of the number (n) of individuals sampled per family

n Full-sib Half-sib S1

Nef Fraction of
Nefmax

Nef Fraction of
Nefmax

Nef Fraction of
Nefmax

1 1 0.500 1 0.250 0.670 0.670

5 1.667 0.833 2.5 0.625 0.909 0.909

7 1.750 0.875 2.8 0.700 0.933 0.933

10 1.818 0.910 3.1 0.775 0.952 0.952

12 1.846 0.923 3.2 0.800 0.960 0.960

15 1.875 0.938 3.3 0.825 0.968 0.968

18 1.895 0.947 3.4 0.850 0.973 0.973

20 1.905 0.952 3.5 0.875 0.976 0.976

25 1.923 0.962 3.6 0.90 0.980 0.980

30 1.935 0.968 3.64 0.91 0.984 0.984

40 1.951 0.976 3.72 0.93 0.987 0.987

50 1.961 0.980 3.77 0.94 0.990 0.990
60 1.967 0.984 3.88 0.97 0.992 0.992

100 1.980 0.990 3.88 0.97 0.995 0.995

150 1.987 0.993 3.92 0.98 0.996 0.996

200 1.990 0.995 3.94 0.985 0.997 0.997

250 1.992 0.996 3.95 0.988 0.998 0.998

300 1.993 0.997 3.96 0.990 0.998 0.998

∞ 2.000 1.000 4.00 1.00 1.00 1.00

Source Adapted from Resende and Barbosa (2005)
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individuals will encompass 99 % of the maximum representativeness of the full-sib
family. Therefore, increasing the sample size above 100 contributes almost nothing
to increasing the representativeness for a family.

For half-sib families, the effective size of a family (Nef) is given by
Nef ¼ ð4nÞ=ðnþ 3Þ, where n is the number of individuals per family. For half-sib
families, 300 individuals provide 99 % of the maximum representativeness of a
family (Table 2.2). Because the ideal crossing design for selecting parents and
clones within families assumes that three crosses are performed per parent, three
full-sib families are associated with each parent. Thus, by adopting a family size of
100 for full-sib families, we obtain a size of exactly 300 for each half-sib family.

The effective size of an S1 family is given by Nef ¼ ðnÞ=ðnþ 0:5Þ and the
maximum equals 1, when n goes to infinity. However, with n = 1, the Nef is already
equal to 0.67. With n = 50, Nef is already 0.99—that is, 99 % of the maximum Nef

(Table 2.2). One can say that the probability of adding an effectively different
individual is less than 1 for each 100 individuals added after n = 50 (or exactly 0.67
for the first 100 after 50). Nevertheless, there would not be sufficient precision for
including only this individual in the selection among 150 S1 individuals. Thus, it is
believed that 50 individuals is an adequate size for selection in S1 families. The
number n = 50 for S1 families is comparable to the numbers n = 100 and n = 300
for the progeny of full and half sibs, respectively. In other words, these numbers
(50, 100, and 300) provide 99 % of the maximum representativeness of S1, full-sib,
and half-sib families, respectively, and therefore would be adequate sizes of
progeny for selection within said families.

In conclusion, 100 individuals per full-sib family and 300 per half-sib family are
adequate sample sizes. The 100 individuals from each full-sib family can be divided
into two or three environments at multiple sites.

2.5.4 Number of Experimental Sites

The appropriate number of experimental sites can be determined from the selection
efficiency (Ef) for the mean of several environments ‘ð Þ relative to the selection in
only one environment aiming to obtain gains in the mean of ‘ sites. This efficiency
can be inferred (for heritability, at the level of the mean, similar and tending to 1 in
various environments, similar to well-designed clonal tests) by the expression

Ef ¼ ½‘=½1þ ð‘� 1Þrgg��1=2, where, rgg is the genetic correlation involving the
performance of the germplasm in the environment (Table 2.3; Resende 2002).

The results shown in Table 2.3 demonstrate that when the genetic correlation is
equal to or greater than 0.70, the gain in efficiency from analyzing more than one
experimental site is less than 10 %. If the genetic correlation is greater than 0.80, the
gain in efficiency is less than 5 %. Conversely, using three sites instead of two sites
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is recommended only when the correlation (estimated using three or more sites) is
less than 0.5. Using four sites would be advantageous when the correlation is less
than 0.40. Resende (2002) presented other approaches for various selection strat-
egies for which the ideal numbers of sites are defined. The interested reader should
refer to this reference.

The appropriate number of experimental sites for a fixed total number of indi-
viduals depends on the heritability of the trait and the intraclass genetic correlation
across sites. Setting n‘ as the total number of individuals per accession, where
n refers to the number of individuals per site, and comparing the analysis of the n‘
individuals in one environment or in several environments, the efficiency of
selection based on various sites compared to selection based on one single site is
given by

E ¼ 1þ ðn‘� 1Þĥ2i
1þ ðn� 1Þĥ2i þ nð‘� 1Þr̂ggĥ2i

" #1=2

where ĥ2i is the estimated individual heritability within the site.
For example, for h2 ¼ 0:20, using 30 individuals per family will provide

accuracy on the order of 90–95 % for the selection of individuals for propagation by
seeds or clones for vegetative propagation (Resende 2002). For a total fixed number
of individuals assessed, the author noted that it is advantageous (a gain of at least
6 %) to use four, three, and two sites for correlations with magnitudes of 0.30, 0.50,
and 0.70, respectively. This result demonstrates that the interaction can be mini-
mized without devoting additional resources but simply by dividing a large
experiment across several sites.

Table 2.3 Efficiency (in
terms of genetic gain in the
mean of the sites) of using ‘
sites instead of one site for
assessing genetic material, for
various values of the genetic
correlation (rgg) involving the
performance of the
germplasm in the
environment

rgg ‘ E rgg ‘ E

0.90 2 1.03 0.55 2 1.14

3 1.04 3 1.20

0.80 2 1.05 0.50 2 1.15

3 1.07 3 1.22

0.70 2 1.08 0.40 2 1.20

3 1.12 3 1.29

4 1.35

0.60 2 1.12 0.30 2 1.24

3 1.17 3 1.37

4 1.45

5 1.51
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