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Foreword

Growing world population is expected to cause a “perfect storm” of food,
energy and water shortages by 2030 as demand for food and energy will jump
by 50 % and for fresh water by 30 %, as the population tops at 8.3 billion. The
overarching challenge before the policy makers and agricultural scientists is
how to ensure food and nutrition security for an ever-increasing population
from limited and fast depleting resources under climate change scenario,
especially in countries like India where sizeable population is still suffering
from the triple burden of malnutrition. To meet the future demand of agricultural production, we need to develop more productive and nutritious varieties
of agricultural crops which incorporate both high intrinsic yield potential and
resilience under climatic stresses. This requires discovery and deployment of
superior but complex traits from the vast germplasm resources being held in
various gene banks to agronomically superior varieties efficiently and
precisely.
Traits of breeders’ interest such as grain yield, plant growth and resistance
to biotic and abiotic stresses are complex as these are controlled by many
genes of minor effects and highly influenced by environmental factors and
their multi-dimensional interactions. In the past, plant breeders were successful in selecting desirable varieties empirically on the basis of visual
observations, more so for qualitative traits; but empirical selection remains
elusive and less effective for traits essential for meeting the current
challenges such as underground, physiological and biochemical traits.
Recent advances in genomics have created enormous genomic resources in
several crop species which have the potential to increase harvestable yield
v
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manifolds. However, available gene sequences and molecular markers could
not be mainstreamed in crop improvement programs mainly due to the lack
of precise phenotyping data. Therefore, it is imperative to phenotype the
available germplasm precisely and efficiently in various crop species.
The current knowledge and voluminous information generated on
phenotyping tools and techniques available in literature need to be
consolidated so that researchers and scholars have access to such vast
knowledge at one place. The present book, Phenomics of Crop Plants:
Trends, Options and Limitations, which is a meticulously edited volume, is
an attempt in this direction to bring together information on precision
phenotyping under controlled versus natural environments, digital and
image based phenotyping, phenomics of biotic and abiotic stresses and
functional traits, and precision nutrient management. This book also covers
experimental designs and biometrical approaches suitable for precision
phenotyping of complex traits, and how phenomics can help to harness
potentiality of genomics. Various chapters in this book have been contributed
by renowned scientists whose research contributions are acknowledged
globally. I am quite hopeful that the information contained in this book
will boost research efforts of plant scientists to bring about a major breakthrough in agricultural production and will serve as a resource material for
those who are involved in teaching and research in agricultural crops. I
congratulate the editors Jitendra Kumar, Aditya Pratap and Shiv Kumar for
bringing out this book timely on such an important and emerging aspect and
hope that it would be widely read by scholars and researchers.
Secretary, DARE and Director General, ICAR
Krishi Bhavan, New Delhi, India

S. Ayyappan

Preface

It has been estimated that agricultural production must be doubled by 2050 in
order to meet the predicted demand of growing world population. Achieving
this goal poses a serious challenge to plant breeders as the current agricultural
production growth rate of 1.3 % per annum is below the population growth
rate. In the recent past, research advances have been made in the development of genomic tools and techniques which have the potential to increase
the rate of genetic improvement. The whole genome studies have the potential to greatly facilitate genetic dissection of complex traits such as yield
and stress tolerance by using technological advances in genotyping and
sequencing. However, successful application of genomics towards the
genetic improvement of crop plants depends upon our ability of precision
phenotyping of these complex traits. Low cost and high-throughput
genotyping has paved the way for the development of large mapping
populations and diversity panels of thousands of recombinant inbred lines.
These genetic resources require precise phenotyping. Marker-assisted recurrent selection (MARS) and genome-wide selection require phenotypic data,
although conceptually selections are made on the basis of genetic information. A single phenotyping cycle is used to identify markers for subsequent
selection through generations. In transgenic studies also, phenotyping is
necessary for identification of promising events. Molecular breeding
populations sometimes include up to 5,000 lines and their accurate characterization simultaneously is a challenging task. Also phenotyping of such
complex traits are labor intensive, and many other interesting traits involved
in biological processes are currently not suitable for genetic mapping due to
the lack of approach to efficient and reliable measurement. The success
in development of improved varieties relies on the ability to identify the
best genetic variation for advancement. Because breeding is essentially a
numbers game, more crosses and environments are required to identify
superior variation with greater probability. Therefore, plant breeders want
to phenotype a large number of lines rapidly and accurately to identify the
best progeny. Advances in phenotyping are essential to capitalize on the
developments in conventional, molecular, and transgenic breeding and
ensure genetic improvement of crops for future food security.
In recent years, there has been increased interest in development of highthroughput phenotyping tools and techniques for screening of agronomic,
physiological, and biochemical traits expressing especially under biotic and
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abiotic stresses. These techniques have become much more advanced and
have now entered the era of high-throughput field phenotyping. Several
phenotyping platforms have been developed around the world, which are
fully automated facilities in greenhouses or growth chambers with robotics,
precise environmental control, and remote sensing techniques to assess plant
growth and performance. Consequently, voluminous literature has been
generated on different aspects of phenotyping which is scattered in numerous
journals and books. However, no single publication is available to provide a
comprehensive insight into this literature with a focus on phenomics of crop
plants. This book, Phenomics of Crop Plants: Trends, Options and
Limitations, is an attempt in this direction to bring together various high
throughput, advanced phenotyping tools, techniques and platforms for
directed genetic improvement in crop plants.
The present book comprises 19 chapters contributed by renowned
scientists in their fields of expertise. The first chapter presents an overview
on the recent developments in phenotyping. The second chapter deals with
traits that require precise phenotyping. Chapter 3 discusses various issues
related to phenotyping under controlled and natural environments while the
subsequent three chapters (Chaps. 4, 5, and 6) deal with the imaging tools in
phenotyping agronomic and physiological traits in crop plants. Chapters 7, 8,
and 9 focus on phenotyping tools available for heat and drought related traits
and soil problems. Chapter 10 deals with screening methods for diseases and
possibility of using the recent developments in the field of phenomics. The
subsequent three chapters (Chaps. 11, 12, and 13) discuss the advances in
phenotyping of functional traits, role of florescence approaches for understanding the functional traits of photosynthesis and use of NMR in identification of subcellular structural and metabolic challenges. The next two
chapters are on precision nutrient management and identification of
nutritional and anti-nutritional factors of seeds (Chaps. 14 and 15). The
subsequent two chapters (Chaps. 16 and 17) discuss the role of experimental
designs for precision phenotyping and use of biometrical approaches in data
analysis of the complex traits. As vast amount of genomic resources are now
available in several crop plants, precision phenotyping can harness the
potentiality of these genomic resources for accelerating the genetic improvement through mainstreaming them in the ongoing breeding programs. Therefore, the next two chapters (Chaps. 18 and 19) deal with how the available
genomic resources can be utilized in a better way by using the available
phenomics platforms worldwide for precise phenotyping of agronomic and
physiological traits. Each chapter of this book has focused on the current
trends, available options for phenotyping the target traits and limitations in
their use for phenomics of crop plants.
The review of entire published work was neither possible in a single
volume nor was the aim of this book. However, the contributors of individual
chapters have provided exhaustive list of references on significant work done
so far on different aspects of phenomics. Keeping in view the scope of the
book, a little overlap in the subject is possible albeit all chapters have been
dealt in depth by various experts. We are extremely grateful to all the authors
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who despite being busy with their research and academics completed their
chapters with a professional approach and great care.
We are highly indebted to Dr. S. Ayyappan, Secretary, Department of
Agricultural Research and Education (DARE), Government of India, and
Director General, Indian Council of Agricultural research (ICAR); and
Dr. Mahmoud Solh, Director General, International Centre for Agricultural
Research in the Dry Areas (ICARDA) for encouragement and inspiration in
bringing out this publication. We are also thankful to Prof. Swapan Datta,
Deputy Director General (Crop Science), ICAR; Dr. Maarten van Ginkel,
Deputy Director General (Research), ICARDA; Dr. Michael Baum, Director
of BIGM, ICARDA and Dr. B. B. Singh, Assistant Director General (Oilseed
and Pulses), ICAR, for providing support and state-of-the-art facilities to
carry out research on pulses. Dr. N. P. Singh, the present Director and
Dr. N. Nadarajan, Ex-Director of IIPR, Dr. S. K. Chaturvedi, Head, Crop
Improvement Division, IIPR, have been the source of encouragement for the
present endeavor. Several people have rendered invaluable help in bringing
this publication to life and they deserve our heartfelt appreciation and
gratitude: Dr. Sanjeev Gupta, Project Coordinator, MULLaRP, IIPR, for
technical comments and scientists of Crop Improvement Division, IIPR, for
their valuable technical inputs during the course of editing the chapters;
Mr. Ramesh Chandra, Senior Technical Assistant; Mr. Rohit Kant,
Miss Nupur Malviya and Rakhi Tomar, Senior Research Fellows, for helping
in compilation of references and voluminous correspondence, and Springer
International for bringing the book through printing process with a thorough
professional approach. Last but not least, our kids Neha, Gun and Puranjay
and our better halves, Mrs. Renu Rani, Dr. Rakhi Gupta and Dr. Pankaj Rani
Agrawal, deserve special thanks for their unstinting help, patience and
emotional support during the course of this book.
Kanpur, Uttar Pradesh, India
Kanpur, Uttar Pradesh, India
Rabat, Morocco
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Biometrical Approaches for Analysis
of Phenotypic Data of Complex Traits
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Huihui Li and Jiankang Wang

Abstract

Phenotype (or phenotypic value) is the performance of a trait in interest,
which can be observed in the field and then used in estimating the
unknown genotypic value (or the phenotypic mean). In this chapter, we
introduced statistical approaches to analyze three types of phenotypic
observation, i.e., (1) replicated observations of one genotype in one
environment, (2) replicated observations of multiple genotypes in one
environment, and (3) replicated observations of multiple genotypes in
multiple environments. The principle of analysis of variance (ANOVA)
was applied on each kind of phenotypic data. From the results of ANOVA,
we can further estimate genotypic value, genetic effects, variance
components, heritability, etc., which can be further used in genetic studies
and breeding applications. In the end, we present a computer tool
implemented in the integrated genetic software QTL IciMapping, which
includes the biometrical approaches introduced in this chapter and can be
readily used in phenotyping complex traits.
Keywords

Phenotype • Analysis of variance (ANOVA) • Genotype • Genetic
variance • Heritability
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Introduction

For making genetic improvement, plant breeders
collect huge amount of phenotypic data on
H. Li • J. Wang (*)
Institute of Crop Science, The National Key Facility for
Crop Gene Resources and Genetic Improvement, and
CIMMYT China Office, Chinese Academy of
Agricultural Sciences, No. 12 Zhongguancun South
Street, Beijing 100081, China
e-mail: jkwang@cgiar.org

various populations. The phenotype of traits particularly quantitative traits is controlled by genotype and environments, and thus raw phenotypic
data measured for various complex traits include
the combined effect of both the genotypic value
(G) and the environmental deviation (E): P ¼
G + E. However, for making genetic improvement in trait, genotypic value is more important
than the phenotypic value that is the combined
effect of all the genetic effects, including nuclear
genes, mitochondrial genes, and interactions
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between the genes. Therefore it is essential to
know the contribution of heritable variation in
total phenotypic variation of a quantitatively
inherited trait. For this purpose, different statistical approaches have been used to study the inheritance of quantitative traits which is known as
biometrical genetics. Therefore, this chapter has
described the different approaches developed in
biometrical genetics for analysis of phenotypic
data for finding out the genotypic value of traits.

The two statistics defined in the above two
equations are also called mean and variance of
the distribution of the random variable X. For a
normal distribution X  N(μ, σ 2), it can be
proved that E(X) ¼ μ and V(X) ¼ σ 2. This is
the reason why the normal distribution N(μ, σ 2)
is stated to have a mean of μ and a variance of σ 2.
Or equally, if X  N(μ, σ 2), the random variable
X is stated to have a mean of μ and a variance
of σ 2.

17.2

17.2.2 Distributions Derived from the
Standard Normal Distribution

Basic Statistics Theory

17.2.1 Random Variable and Normal
Distribution
If a random variable X has the following probability density, X is stated to have a normal distribution with mean μ and variance σ 2, where μ and
σ 2 are known constants or unknown but estimable parameters:
ðxμÞ2
1
f ðX ¼ xÞ ¼ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃe 2σ2
2πσ 2

ð17:1Þ

The function given in Eq. (17.1) is called the
probability density (PDF), and the random variable X is normally denoted by X  N(μ, σ 2).
When the normal distribution has a mean of
0 and a variance of 1, the distribution is also
called a standard normal distribution, denoted
by N(0, 1). For any normal distribution,
X  N ðμ; σ 2 Þ, ðX-μÞ=σ  N ð0; 1Þ, where σ is
the square root of variance σ 2.
Assuming a random variable X has the PDF
f(x) and the possible value of X is any real number, mean (also called expectation) and variance
of the random variable X are defined as follows:
Z
Eð X Þ ¼
Z
V ðX Þ ¼
¼

þ1

1
Z þ1
1

þ1

1

x f ðxÞdx;

ð17:2Þ

½x  EðxÞ2 f ðxÞdx
x2 f ðxÞdx  ½EðxÞ2

ð17:3Þ

From the standard normal distribution, we can
define other distributions commonly used in statistical inference. If random variables X1, X2, . . .,
Xn are independent and identical to the standard
normal distribution N(0, 1), the sum square of
these variables is defined to follow a χ2(chi-square) distribution with the degree of freedom
of n, i.e.,
Y ¼ X21 þ X22 þ   X2n  χ 2 ðnÞ

ð17:4Þ

Random variable X  N(0, 1), random variable
Y  χ2(n), and the two variables are independent,
ﬃ is defined to follow a t distribution
and then pXﬃﬃﬃ
1
nY

with the degree of freedom of n, i.e.,
X
qﬃﬃﬃﬃﬃ  tðnÞ
1
nY

ð17:5Þ

Figure 17.1 shows PDFs of the standard normal distribution N(0, 1) and some t and
χ2 distributions. As N(0, 1), t distribution is symmetrical. But, t distribution has much longer tails
compared with N(0, 1). With the increase in the
degree of freedom, t distribution can quickly
approach to the standard normal distribution
(left of Fig. 17.1). In practice, when the degree
of freedom is greater than 30, t distribution will
be viewed to be the standard normal distribution.
χ2 distributions can only have positive values, by
definition. With the increase in the degree of
freedom, χ2 distribution becomes much flatter

Biometrical Approaches for Analysis of Phenotypic Data of Complex Traits

Probability density

0.5

N(0,1)
t(1)
t(2)
t(10)

Normal and t distributions

0.4
0.3
0.2

0.1
0

-5

-4

-3

-2

-1

0

1

2

3

4

5

Value of the random variable X

0.5
Probability density

17

Chi-square distributions

0.4

251
DF=1
DF=2
DF=3
DF=10

0.3

0.2
0.1
0

0

2.5

5

7.5 10 12.5 15 17.5 20 22.5 25 27.5 30
Value of the random variable X

Fig. 17.1 Probability density functions (PDF) of the standard normal distribution N(0, 1) and some t and
χ2 distributions

and has much longer tail to the right side (right of
Fig. 17.1).
Assuming that two random variables Y 1  χ 2
ðn1 Þ and Y 2  χ 2 ðn2 Þ are independent,

1
n1
1
n2

Y1
Y2

is

defined to follow an F distribution with the two
degrees of freedom of n1 and n2, i.e.,
1
n1 Y 1
1
n2 Y 2

17.3

 Fð n 1 ; n 2 Þ

ð17:6Þ

One Genotype in One
Environment

17.3.1 Mean and Variance of a
Phenotypic Distribution
of Trait in Interest
It is assumed that we can repeatedly observe the
phenotype (P) of a given genotype for a trait in
interest in a given environment, and each observation is independent. True genotypic value in
the environment is represented by G, which is an
unknown parameter. Error in phenotypic measurement is a normally distributed random variable, having a mean of 0 and a variance of σ ε2.
Error variance is unknown as well or has been
estimated from previous experiments. Therefore,
the observation will be independently and normally distributed around the true genotypic value
G, and variance of the phenotypic distribution
will be equal to the error variance σ ε2 in the
environment. In statistics, we say these

phenotypic observations have independently
identical distributions (iid), that is,


Pk  N G, σ 2ε , ðk ¼ 1, 2, . . . , r for replicationÞ, iid

ð17:7Þ
In practice, we do not know the true genotypic
value G and the true error variance σ ε2. However,
they can be estimated from the replicated phenotypic observations Pk (k ¼ 1, 2, . . ., r), as the
observation contains the information about these
true values. This can be seen more clearly when
distribution model (17.7) is represented in the
following equivalent linear model:
Pk ¼ G þ ε k , ε k


 N 0, σ 2ε , ðk ¼ 1, 2, . . . , r Þ, iid ð17:8Þ
Using the replicated observations, we can calculate the sample mean (represented by P) and
sample variance (represented by MSε) and use
them as the estimates of the unknown G and error
variance, respectively. Sample mean and the estimate of the genotypic value and their
distributions are
X
^ ¼P¼1
^ ¼P
G
Pk , and G
r k


σ 2ε
 N G,
r

ð17:9Þ

So, expectation of the estimated effect Ĝ is equal
to the true genotypic effect. In statistics, we say
the sample mean is an unbiased estimate of the
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true genotypic effect. Variance of the estimate Ĝ is
1
r of the error variance. So, more observations
give more precise estimate of the true effect.
With the increase in sample size, the sample
mean will asymptotically approach to the true
genotypic value G. For this reason, the true genotypic value G is also called phenotypic mean. In
statistics, it can also be proved that, among all
possible unbiased linear combinations of
observations (k ¼ 1, 2, . . ., r), the estimate given
in Eq. (17.9) has the least variance. So the sample
mean given in Eq. (17.9) is also called the best
linear unbiased estimate (BLUE) of the
phenotypic mean.
Sample variance (represented by MSε) and the
estimate of the error variance (represented by σ^ 2ε )
are
X

2
1 X
Pk  P
r1 k

Pk  P

k

¼ rσ 2ε  r

¼E

ð17:10Þ

For each observation, ðPk -PÞ is the deviation of
the observation from the sample mean, which
can be used to measure random error effect in
the observation. The sum square (SS) of each
deviation is represented by SSε, i.e.,
SSε ¼

X
2
Pk  P

ð17:11Þ

k

Under the assumptions in distribution model
(17.7) or equally in linear model (17.8), we can
prove the following relationship between the
expectations of SSε and σ ε2:

X


2
ð Pk  G Þ  P  G
k
"k
#
X

X

2
2
¼
EðPk  GÞ  2E P  G
ðPk  GÞ þ rE P  G
k
X

 k


2
¼
EðPk  GÞ2  2E P  G r P  G þ rE P  G
k
X

2
¼
EðPk  GÞ2  rE P  G

EðSSε Þ ¼ E

2

σ^ 2ε ¼ MSε ¼

ð17:12Þ

σ 2ε
¼ ðr  1Þσ 2ε
r

The coefficient (r  1) before error variance in
Eq. (17.12) is called the degree of freedom of the
error effects. From Eqs. (17.10) and (17.11), it
can be easily seen that
 
SSε
, E σ^ 2ε
r1
¼ EðMSε Þ ¼ σ 2ε

σ^ 2ε ¼ MSε ¼

ð17:13Þ

Therefore, sample variance is an unbiased estimate of the unknown error variance.

17.3.2 An Example on Plant Height in
Four Genetic Populations
Table 17.1 gives observations of plant height
(cm) in two inbred lines A and B and their F1

and F2 populations. Using Eqs. (17.9)
and (17.10), we can estimate that inbred
A has the a mean height of 160 cm, inbred
B of 103 cm, F1 hybrid of 149 cm, and F2
population of 140 cm. Mean plant height in F1
or F2 population is between the two inbred
parents. The two parents and their F1 have similar variance, but variance of F2 population is
much greater. The larger variance in F2
indicates the presence of genetic variance in
plant height. If we can assume random error
effects are homogeneous in the three
non-segregating populations, we can combine
the three sum squares to have one estimate of
the error variance, i.e.,
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Table 17.1 Plant height (cm) in two inbred lines and their F1 and F2 population. There are 10, 10, 10, and 30
observations in the four genetic populations

Population
Inbred A
Inbred B
F1
F2

Sample
mean
160.40
103.00
148.80
140.00

Individual plant height (cm)
155, 161, 150, 164, 165, 161, 160, 158, 166, 164
97, 109, 92, 103, 109, 104, 98, 106, 102, 110
156, 148, 140, 150, 148, 147, 146, 155, 148, 150
89, 157, 149, 169, 123, 158, 151, 83, 167, 154, 152, 167,
116, 146, 97, 147, 162, 159, 111, 143, 144, 124, 137,
156, 80, 169, 157, 152, 157, 116

SST ¼ SSP1 þ SSP2 þ SSF1 ¼ 720,
DFT ¼ DFP1 þ DFP2 þ DFF1
¼ 27, σ^ 2ε ¼

SST
¼ 26:67
DFT

ð17:14Þ

Assuming the height of inbred B has the
normal distribution N(100, 30), based on the
observed height in Table 17.1. Therefore, as a
random variable, the height has a mean of
100 and a variance of 30. Figure 17.2 shows the
distribution curves of sample means for several
sample sizes. It is clear that larger sample size
results in smaller variance in the sample mean.
Each curve in Fig. 17.2 represents how the sample mean will be distributed if we can repeat the
sampling procedure infinitely. In practice, we
normally have one set of samples. In Table 17.1,
we only have one set of 10 phenotypic height
values. Therefore, that is no guarantee that the
sample mean of inbred B (i.e., 103 cm) is equal to
the true genotypic height.
The unbiased sample mean to the true value,
as given in Eq. (17.9), is a statistical property
from the large number of sampling. The same is
true for the sample variance. In statistics, the
unknown parameters can be estimated from
samples drawn from their population. But this
does not indicate that the estimated value will
be equal to the unknown parameter. Instead, each
sample drawn from a population in interest is
viewed as a random variable. Any estimate
from a set of samples is also a random variable.
Unknown parameters are normally assumed to be
constants. Therefore, it does not make sense to
say that a random variable is equal to a constant.

DF SS
9
222.40
9
314.00
9
183.60
29 20074.00

MS
(¼sample
variance)
24.71
34.89
20.40
692.21

But, to know the distribution of a sample,
statistics is good enough for conducting statistical inference and test. Say, we can tell how likely
the true height is located in a given interval, how
likely the true height is different from another
genotype or genetic population, and so on. For
example, using Table 17.1, we can tell the probability that the true height of inbred B is from
95 to 105 cm. We can calculate the significance
probability between inbred A and inbred B,
where t distribution will be used. We can test
whether the genetic variance of F2 population is
significant, where F distribution will be used.
In addition, if we can assume random errors in
F2 populations have equal variance as estimated
in Eq. (17.14), we are able to estimate the genetic
variance of F2 by subtracting the error variance
from the phenotypic variance. That is,
σ^ 2G ¼ σ^ 2P  σ^ 2ε ¼ 692:21  26:67 ¼ 665:54
And the heritability in the broad sense in the F2
population can be estimated,

H¼

σ^ 2G 665:54
¼ 0:96
¼
σ^ 2P 692:21

17.3.3 Calculating Sample Mean
and Sample Variance
from Frequency Data
In many cases, the raw data with large sample
size are grouped and the frequency of each group
is given instead. Table 17.2 shows the number of
samples falling in each group represented by the
mid-group value of ear length (cm) in four
genetic populations (East 1911). Taking inbred
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Table 17.2 Frequency of ear length (cm) in four genetic populations
Ear length
Inbred A
Inbred B
F1
F2

5
4
–
–
–

6
21
–
–
–

7
24
–
–
4

8
8
–
–
5

9
–
–
1
22

10
–
–
12
56

11
–
–
12
80

12
–
–
14
145

13
–
3
17
129

14
–
11
9
91

15
–
12
4
63

16
–
15
–
27

17
–
26
–
17

18
–
15
–
6

19
–
10
–
1

20
–
7
–
–

21
–
2
–
–

Size
57
101
69
646

Adapted from East (1911)
F1 is the hybrid between the two inbred lines, and F2 is the selfing generation of the F1 hybrid

A as an example, among the 57 ears, 4 have ear
length between 4.5 and 5.5, 21 have ear
length between 5.5 and 6.5, 24 have ear length
between 6.5 and 7.5, and 8 have ear length
between 7.5 and 8.5. Let xk be the mid-value of
the kth group and f k ¼ nnk be the relative frequency, estimates of the population mean and
variance are, therefore,
μ^ ¼

X

f k xk , and σ^ 2ε

X

f k x2k  μ^ 2

Assuming that errors have the same variance
in these populations, we may use average of
variances in the three non-segregating
populations to estimate the true error variance
and estimate the genetic variance and heritability
in the F2 population. That is,
σ^ 2ε ¼ 2:15, σ^ 2G ¼ σ^ 2F2  σ^ 2ε ¼ 1:82, H ¼

k

¼

PA ¼ 6:63, PB ¼ 16:80, PF1 ¼ 12:12, PF2 ¼ 12:68
σ^ 2A ¼ 0:65, σ^ 2B ¼ 3:53, σ^ 2F1 ¼ 2:28, σ^ 2F2 ¼ 3:97

ð17:15Þ

k

One may find that the sample mean and
variance given in Eq. (17.15) are similar to the
distribution mean and variance given in
Eqs. (17.2) and (17.3). From the above equation,
means and variances of the four populations can
be estimated. That is,

¼

σ^ 2G
σ^ 2F2

1:82
¼ 0:46
3:97

In addition, if the multifactorial hypothesis in
classical quantitative genetics is applicable, we
could estimate the number of loci (l ) affecting
ear length in these populations from the CastleWright formula. That is,
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2
PA  PB

7
l¼
8 σ^ 2F2  σ^ 2ε

ð17:16Þ

The multifactorial hypothesis mentioned above
is fundamental in classical quantitative genetics.
Major content in the hypothesis is that quantitative traits are controlled by a large number of
Mendelian genes having smaller effects and can
be easily modified by environments. In addition
to the multifactorial hypothesis, when calculating the number of loci affecting ear length in
Eq. (17.16), we also assume that the genes have
equal additive effect on ear length, inbred A has
all the alleles reducing the ear length, and inbred
B has all the alleles increasing the ear length.

17.4

Multiple Genotypes in One
Environment

17.4.1 Assumptions and Models
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phenotypic means are represented by μi (i ¼ 1,
2, . . ., g), which are unknown parameters. Error
effects are normally distributed with a mean of
0 and an unknown variance σ ε2. Randomization
of genotypes in the field will assure that the
observations are independent. So the observed
phenotype for the ith genotype and kth replication is


Pik  N μi ; σ 2ε , ði ¼ 1, 2, . . . , g; k ¼ 1, 2, . . . , r Þ

ð17:17Þ
Therefore, we are having g normal distributions,
corresponding to the g genotypes. The populations may have different means, but they should
have the equal variance, which is actually the
random error variance.
Given the phenotypic means of g genotypes,
we can define an overall phenotypic mean, that
X
is, μ¼
^ 1g
μi . By defining the deviation of each
i

It is assumed that we make the field phenotyping
experiment with r replications for a set of
g genotypes in a given environment. The

phenotypic mean to the overall mean as the genotypic effect, represented by Gi, we can have the
following linear model:

PikX
¼ μi þ εik ¼ μ þ Gi þ εik ,


1
where μ¼
^
μi , and εik  N 0, σ 2ε ði ¼ 1, 2, . . . , g; k ¼ 1, 2, . . . , r Þ and iid
g

i

ð17:18Þ
Genetic variance can be defined from the
g phenotypic means:
^
σ 2G ¼

1 X 2
Gi
g1 i

ð17:19Þ

17.4.2 Estimation of Genotypic Effect
and Genetic Variance
As we could see, there are two major purposes
when making field experiment. The first one is to
estimate the phenotypic means of a set of
genotypes, as defined in distribution model
(17.17) or in linear model (17.18). Based on the
estimation of phenotypic means, we can conduct
further genetic study, say QTL mapping. In the
perspective of breeding, we can decide which

genotypes have better performance and should
be selected and advanced to the next season or
which genotypes should be grown in this environment. The second one is to estimate error
variance as defined in linear model (17.18) and
genetic variance as defined in Eq. (17.19). From
the estimation of the two variances, we can estimate heritability, which has been seen in the
previous section.
Now we will show how the genotypic effects
Gi ði ¼ 1, 2, . . . , gÞ, genetic variance σ G2,
and error variance σ ε2 can be estimated
by using observations
Pik ði ¼ 1, 2, . . . , g;
k ¼ 1, 2, . . . , rÞ. First, we define the overall
sample mean ( P:: ), i.e., the mean across the
g genotypes and the r replications. Second, we
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define sample mean for each genotype (Pi :), i.e.,
the mean across the r replications for each genotype. Based on the distribution model (17.17) of
each observation, we have


1X
σ 2ε
P:: ¼
Pjk  N μ,
, and Pi :
gr j, k
gr


1X
σ2
¼
Pik  N μi , ε
r k
r
By defining the overall mean and sample
mean of each genotype, the phenotype can be
decomposed as:


Pik ¼ P:: þ Pi :  P::


þ Pik  Pi : or equally






Pik  P:: ¼ Pi :  P:: þ Pik  Pi :

ð17:20Þ


ð17:21Þ

In Eq. (17.20), the first term is the overall sample
mean. The second term is the deviation of the

sample mean of each genotype to the overall
mean. The third term is the residual deviation.
The three terms in Eq. (17.18) can be used to
estimate the three parameters defined in the distribution model (17.18). That is,


^ i ¼ Pi :  P:: , ε^ ik
μ^ ¼ P::, G


¼ Pik  Pi :

ð17:22Þ

Given the observed phenotypic values
Pik ði ¼ 1, 2, . . . , g; k ¼ 1, 2, . . . , r Þ, we can use
Eq. (17.20) to estimate the overall mean, genotypic effect, and residual effect (if we want). To
estimate genotypic variance and error variance,
we have to consider the sum of the squared
deviations. Total sum square (SST) is defined
from the left side of Eq. (17.21). Total sum
square can be further decomposed into two
parts, which are represented by SSG and SSε,
corresponding to the two terms in the right side
of Eq. (17.21). That is,

X
2 X 
 
2
Pik  P:: ¼
Pik  Pi : þ Pi :  P::
i, k
i, k
X
X

2

2
¼
Pik  Pi : þ r
Pi :  P:: ¼ SSε þ SSG
i
i, k

SST ¼

We have a total of g  r independent
observations. Total sum square (SST) has a
degree of freedom of gr  1. The one degree of
freedom can be understood as being used in the
estimation of the overall sample mean. Without
the overall sample mean, we are unable to estimate the deviations on the left side of
Eq. (17.21). Sum square of the estimated genotypic effects, i.e., SSG, has a degree of freedom of
g  1. There are g estimated genotypic effects
(Eq. 17.22), but the sum of these effects is equal
to 0. So, the degree of freedom of g  1 can be
understood as the number of independent
estimated genotypic effects. There are gr
estimated residual effects (Eq. 17.20), but they
are not completely independent. The degree of

freedom of g(r  1) can also be understood as
the number of independent estimated residual
effects. Of course, it can also be found by
subtracting g  1 from the total degree of freedom gr  1.
Mean square (MS) is defined as the sum
square divided by its degree of freedom. That is,
SSG
SSε
, and MSε ¼
g1
gð r  1Þ
Intuitively, mean square of estimated genotypic
effects reflects the magnitude of genotypic variance defined in Eq. (17.19). Mean square of the
residual effects reflects the magnitude of error
variance defined in distribution model
Eq. (17.18). In statistics, we can prove
MSG ¼
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Table 17.3 ANOVA of single-environmental phenotyping trials of multiple genotypes
Source of variation Degree of freedom (DF) Sum square (SS) Mean square (MS) Expected mean square (EMS)
MSG
Genotype
g1
SSG
σ 2ε þ rσ 2G
Error
g(r  1)
SSε
MSε
σ ε2
Total
gr  1
SST


 

Pik  P:: ¼ P:k  P:: þ Pi :  P::


þ Pik  Pi :  P:k þ P:: ð17:28Þ

EðSSG Þ ¼ ðg  1Þσ 2ε
þ ðg  1Þrσ 2G , EðSSε Þ
¼ gðr  1Þσ 2ε

ð17:23Þ

Therefore,
EðMSG Þ ¼ σ 2ε þ rσ 2G , EðMSε Þ ¼ σ 2ε ð17:24Þ
From Eq. (17.24), we can see that the expectation
of MSε is equal to the error variance and therefore is the unbiased estimate of error variance. In
addition to genetic variance, error variance is
also included in the expectation of MSG. Therefore, 1r MSG cannot be an unbiased estimate for
genotypic variance. Instead, we can have the
following unbiased estimates for error variance
and genotypic variance:
1
σ^ 2ε ¼ MSε , σ^ 2G ¼ ðMSG  MSε Þ
r

ð17:25Þ

The above procedure is called analysis of
variance (ANOVA) in statistics and can be
summarized in Table 17.3. An F-statistic can be
constructed to test the significance of the genotypic variation compared with error, i.e.,
F¼

MSG
 F½g  1, gðr  1Þ
MSε

ð17:26Þ

In many cases, each replication of the
g genotypes may be arranged in one relatively
homogeneous block. Variation between blocks
can occur. The use of block is another important
concept in experimental design, which can
reduce the random error variance and improve
the precision when comparing genotypes. In this
case, the deviation of the block mean to the
overall sample mean estimates the block effect
(represented by Bk), i.e.,


B^ k ¼ P:k  P:: , ðk ¼ 1, 2, . . . , r Þ ð17:27Þ
And linear model (17.21) becomes

Similarly, ANOVA can be done based on the
above model. It can be seen that including the
block effect will not affect the estimation of
genotypic effects and the genotypic variance
but will affect the estimation of residual effects
and the error variance. When the block effect is
significant, estimated error variance will be
lower than that from linear model (17.21). The
reduced error variance allows more precise comparison of phenotypic means. In practice, other
options are to estimate the block effect using
Eq. (17.27), adjust the raw data by the block
effect, and apply linear model (17.21) on the
adjusted phenotypic observations.

17.4.3 Estimation of Heritability
in the Broad Sense
As represented by the linear model (17.18), in
single environment, phenotype of a quantitative
trait for a given genotype or line or family can be
decomposed into three parts: (1) overall mean
across genotypes and replications, (2) genotypic
effect of the specific genotype, and (3) random
residual error. That is,
P¼μþGþε

ð17:29Þ

where overall mean and genotypic effect are
assumed to be unknown parameters, and residual
error is assumed to be random variable. When
residual error has a normal distribution, the phenotypic variance σ P2 is equal to the sum of genotypic variance σ G2 and error variance σ ε2. In
session 3.2, we have seen that ANOVA can
acquire the unbiased estimates of genotypic variance and error variance. Therefore, we can have
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Table 17.4 Yield performance of ten maize inbred lines in three replications
Genotype
RIL1
RIL2
RIL3
RIL4
RIL5
RIL6
RIL7
RIL8
RIL9
RIL10
 
Block mean P:k

 
Estimated block effect B^ k

Replication
I
II
2.56
2.66
2.66
2.50
2.93
2.97
2.57
2.21
3.06
2.61
1.94
2.16
1.85
1.69
3.83
3.58
4.32
4.12
2.81
3.33
2.853
2.783

III
2.43
2.75
2.70
1.80
2.72
2.14
2.25
3.80
4.14
2.81
2.754

0.014

0.043

0.056

the unbiased estimate of phenotypic variance as
follows:
σ 2P ¼ σ 2G þ σ 2ε

σ 2G
σ2
¼ 2 G 2
2
σP σG þ σε

ð17:31Þ

Therefore, applying the estimates of genotypic
and error variances in Eq. (17.31), we can estimate the heritability in the broad sense of quantitative traits.
The heritability estimated by the formula
(17.31) is based on single observations. In many
cases, genetic analysis is based on phenotypic
mean across replications, i.e., Pi :. In this case,
we may want to estimate the heritability based on
Pi :, and Eqs. (17.29), (17.30), and (17.31)
become
P¼μþGþε

ð17:32Þ

1
þ σ 2ε
r

ð17:33Þ

σ 2P
H2 ¼

¼

σ 2G

σ 2G
σ 2G
¼
σ 2P σ 2G þ 1r σ 2ε

Estimated genotypic effect (Ĝi)
0.247
0.160
0.070
0.604
0.000
0.717
0.867
0.940
1.396
0.186

17.4.4 An Example on Yield of Ten
Maize Inbred Lines in One
Environment

ð17:30Þ

In quantitative genetics, proportion of genetic
variance over phenotypic variance is defined as
the heritability in the broad sense, represented by
H2, i.e.,
H2 ¼

 
Phenotypic mean Pi :
2.550
2.637
2.867
2.193
2.797
2.080
1.930
3.737
4.193
2.983
Pik ¼ 2:797

ð17:34Þ

Obviously, a higher heritability will be achieved,
when phenotypic mean is used.

To investigate the yield performance of ten
maize inbred lines, randomized block design
(RBD) is used, where each replication of the ten
lines is arranged in one homogenous field block.
Yield is measured on each plot, and raw data is
given in Table 17.4. By raw data, we first calculate the mean for each row and mean for each
column. The mean for each row is the phenotypic
mean of the three replications of each inbred, and
the mean for each column is the block mean. The
result is respectively given in column 5 and row
13 in Table 17.4. Then we calculate the overall
mean, i.e., Pik ¼ 2:80, in Table 17.4. Finally we
can calculate the genotypic effect and the block
effect. Genotypic effect is the deviation of the
phenotypic mean to the overall mean, and block
effect is the deviation of the block mean to the
overall mean. The result is respectively given in
column 6 and row 14 in Table 17.4.
From the estimated block effect in the last row
in Table 17.4, we can see that block effect may
not be important. If we can ignore the block
effect and use linear model (17.20), the
ANOVA result is given in Table 17.5. It can be
seen that the ten inbred lines show significant
difference on yield. From the two mean squares,
the error variance is estimated at 0.0473, and the
genotypic variance is estimated at 0.4941. From
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Table 17.5 Yield performance of ten maize inbred lines in three replications
Source
Genotype
Error
Total
R2 (%)
H2 per plot
H2 per mean

DF
9
20
29
93.571
0.913
0.969

SS
13.768
0.946
14.714

MS
1.530
0.047

estimated variances, heritability in the plot level
is estimated at 91.27 %, and heritability in the
phenotypic mean level is estimated at 96.91 %.

17.5

Multiple Genotypes in Multiple
Environments

17.5.1 Assumptions and Models

F value
32.346

Estimated variance
0.494
0.047

P value
0.000

a set of g genotypes in a set of e environments. The phenotypic means of the
g genotypes in e environments are represented
by μij ði ¼ 1, 2, . . . , g; j ¼ 1, 2, . . . , eÞ, which
are unknown parameters. Error effects are
normally distributed with a mean of 0 and
an unknown variance σ ε2. So the observed
phenotype for the ith genotype, jth environment,
and kth replication is

It is assumed that we make the field phenotyping experiment with r replications for


Pijk  N μij , σ 2ε , ði ¼ 1, 2, . . . , g; j ¼ 1, 2, . . . , e; k ¼ 1, 2, . . . , r Þ
Therefore, we are handling a total of g  e normal distributions, corresponding to the
g genotypes and e environments. The
populations may have different means, but they
should have the equal variance, which is actually
the random error variance across environments.
However, unequal error variances may occur if
environments are highly heterogeneous. The
unequal error variances between environments
will be discussed in session 4.5.
Given
the
phenotypic
means
of
g genotypes and e environments, we
can
define
X
an overall phenotypic mean μ¼
^ ge1
μij , phei, j
notypic
mean
across
environments
X
1
μi :¼
^e
μij , and environmental mean

across genotypes μ:j ¼ 1g

X

ð17:35Þ

μij . We then define

i

the genotypic effect (Gi) as the deviation of
each phenotypic mean to the overall mean,
environmental effect (Ej) as the deviation of
each environmental mean to the overall mean,
and genotype by environment interaction
(GEij) as follows:


^ ðμi :  μÞ, Ej ¼
^ μ:j  μ , GEij ¼
^ μij
Gi ¼
 μi :  μ:j þ μ
ð17:36Þ
Therefore, we can have the following linear
model of phenotypic observations:

j

Pijk ¼ μij þ εijk ¼ μ þ Gi þ Ej þ GEij þ εijk ,


εijk  N 0, σ 2ε ði ¼ 1, 2, . . . , g; j ¼ 1, 2, . . . , e; k ¼ 1, 2, . . . , r Þ and iid

ð17:37Þ
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Variances corresponding to the three kinds of
effects indicated in Eq. (17.36) can be defined
as well, i.e.,
σ 2G ¼
^

X
1 X 2 2
1 X 2 2
1
Gi , σ E ¼
^
Ej , σ GE ¼
^
GE2ij
g1 i
e1 j
ðg  1Þðe  1Þ i, j

17.5.2 Estimation of Effects
and Variances
The purpose of multi-environmental trials is to
estimate the effects defined in distribution model
(17.37) and variances defined in Eq. (17.38), so
as to compare the performance of genotypes
across environments. Now we will show how
the genotypic effect Gi ði ¼ 1, 2, . . . , gÞ, environmental effect Ej ðj ¼ 1, 2, . . . , eÞ, and interaction effect GEij ði ¼ 1, 2, . . . , g; j ¼ 1, 2, . . . , eÞ
can
be
estimated
from
observations
Pijk ði ¼ 1, 2, . . . , g; j ¼ 1, 2, . . . , e; k ¼ 1, 2, . . . , r Þ.


First, we define the overall sample mean P . . . ,
i.e., the mean across the g genotypes,

ð17:38Þ

e environments, and r replications. Second, we
define sample mean for each genotype and
 
environment Pij : , i.e., the mean across the
r replications for each genotype and each environment. Third, we define sample mean for each
 
Pi :: , i.e., the mean across the
genotype
e environments and r replications for each genotype. Forth, we define sample mean for each
 
environment P:j : , i.e., the mean across the
g genotypes and r replications for each environment. By calculating the above sample means,
the deviation of phenotype to the overall sample
mean can be decomposed as the following
linear model:


 
 
 

Pijk  P . . . ¼ Pi ::  P . . . þ P:j :  P . . . þ Pij :  Pi ::  P:j : þ P . . . þ Pijk  Pij : ð17:39Þ
The left side of Eq. (17.39) is the deviation
of each phenotypic observation to the overall
sample mean. On the right side of Eq. (17.39),
the first term is the deviation of the genotypic
sample mean to the overall mean, which can be
used to estimate the genotypic effect defined in
Eq. (17.36) or linear model (17.37). The second
term is the deviation of the environmental sample

mean to the overall mean, which can be used to
estimate the environmental effect. The third term
quantifies the interaction between genotype and
environment, and the last term quantifies the
residual random effect. So the effects defined in
Eq. (17.36) or linear model (17.37) can be
estimated as:





^ i ¼ Pi ::  P:: , E^ j ¼ P:j :  P . . . ,
μ^ ¼ P . . . , G


^ Eik ¼ Pij:  Pi ::  P:j : þ P . . .
G
Total sum square (SST) corresponds to the
deviation on the left side of the model (17.39).
Sum square of genotype (SSG) corresponds to the
first term on the right side of the model (17.39).
Sum square of environment (SSE) corresponds to
the second term on the right side of the model

ð17:40Þ

(17.39). Sum square of interaction (SSGE)
corresponds to the third term on the right side
of the model (17.39). Sum square of error (SSε)
corresponds to the forth term on the right side of
the model (17.39). That is,
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SST ¼

X

Pijk  P . . .

i, j, k

SSG ¼ er
SSGE ¼ r

X

Xi 
i, j

2
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¼ SSG þ SSE þ SSGE þ SSε ,

X
2
2
Pi ::  P . . . , SSE ¼ gr
P:j :  P . . . ,

X
2
2
Pij :  Pi ::  P:j : þ P . . . , SSε ¼
Pijk  Pij :
i, j, k
j

We have a total of g  e  r independent
observations. Total sum square (SST) has a
degree of freedom of ger  1. The lost one
degree of freedom can be understood as being
used in the estimation of the overall sample
mean. Sum square of the estimated genotypic
effects, i.e., SSG, has a degree of freedom of
g  1, which is equal to the number of independent estimated genotypic effects. Sum square of
the estimated environmental effects, i.e., SSE,
has a degree of freedom of e  1, which is
equal to the number of independent estimated
environmental effects. Sum square of the

estimated interaction effects, i.e., SSGE, has a
degree of freedom of (g  1)(e  1), which is
equal to the number of independent estimated
interaction effects. There are g  e  r
estimated residual effects (Eq. 17.39), but they
are not completely independent. The degree of
freedom of ge(r  1) can also be understood as
the number of independent estimated residual
effects. Of course, it can also be found by
subtracting g  1, e  1, and (g  1)(e  1)
from the total degree of freedom ger  1.
Mean square (MS) is defined as the sum
square divided by its degree of freedom. That is,

SSG
SSE
SSGE
, MSE ¼
, MSGE ¼
, and
g1
e1
ðg  1Þðe  1Þ
SSε
MSε ¼
geðr  1Þ

MSG ¼

Intuitively, mean square of estimated genotypic
effects reflects the magnitude of genotypic variance defined in Eq. (17.38). Mean square of
estimated environmental effects reflects the magnitude of environmental variance. Mean square

ð17:41Þ

ð17:42Þ

of estimated interaction effects reflects the magnitude of interaction variance. Mean square of
the residual effects reflects the magnitude of
error variance. In statistics, we can prove

EðSSG Þ ¼ ðg  1Þσ 2ε þ ðg  1Þerσ 2G ,
EðSSE Þ ¼ ðe  1Þσ 2ε þ gðe  1Þrσ 2E ,
EðSSGE Þ ¼ ðg  1Þðe  1Þσ 2ε þ ðg  1Þðe  1Þrσ 2GE , and
EðSSε Þ ¼ geðr  1Þσ 2ε
Therefore,
EðMSG Þ ¼ σ 2ε þ erσ 2G , EðMSE Þ ¼ σ 2ε þ grσ 2E ,
EðMSGE Þ ¼ σ 2ε þ rσ 2GE , and EðMSε Þ ¼ σ 2ε
ð17:43Þ

From Eq. (17.43), we can see that the expectation of MSε is equal to the error variance and
therefore is the unbiased estimate of error
variance. In addition to genetic variance, error
variance is also included in the expectations of
MSG, MSE, and MSGE, respectively. After some
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Table 17.6 ANOVA of multi-environmental phenotyping trials of multiple genotypes
Source of variation Degree of freedom (DF) Sum square (SS) Mean square (MS) Expected mean square (EMS)
MSG
Genotype
g1
SSG
σ 2ε þ erσ 2G
Environment
e1
SSE
MSE
σ 2ε þ grσ 2E
Interaction

(g  1)(e  1)

SSGE

MSGE

Error
Total

ge(r  1)
ger  1

SSε
SST

MSε

σ 2ε þ rσ 2GE
σ ε2

When each replication of the g genotypes is
arranged in one relatively homogeneous block in
each environment, the block effect in each environment can also be estimated and included in
1
1
the linear model (17.39). Same as singleσ^ 2G ¼ ðMSG  MSε Þ, σ^ 2E ¼ ðMSE  MSε Þ,
environmental trials, the use of block can reduce
er
gr
1
the random error variance and improve the preci2
2
σ^ GE ¼ ðMSGE  MSε Þ, and σ^ ε ¼ MSε
r
sion when comparing genotypes. In this case, the
ð17:44Þ deviation of the block mean to the environmental
The above procedure can be summarized in sample mean estimates the block effect
Table 17.6. The following three F-statistics can (represented by Bk( j )), i.e.,
be calculated to test the significance of the geno

typic variation, environmental variation, and B^ kðjÞ ¼ P:jk  P:j :
ðj ¼ 1, 2, . . . , e; k ¼ 1, 2, . . . , r Þ
ð17:45Þ
interaction variation compared with error variance, respectively:
It should be noted that the block effects have to
be defined in each environment. It does not make
MSG
FG ¼
 F½g  1, geðr  1Þ, 
any sense to talk about the block effects across
MSε
MSE
environments, as field blocks in one environment
FE ¼
 F½e  1, geðr  1Þ, and
are totally different from blocks in other
MSε
MSGE
environments. Block is not a factor across enviFGE ¼
 F½ðg  1Þðe  1Þ, geðr  1Þ
MSε
ronment, and block effects are nested in each
environment. When the block effects are
included, linear model (17.39) becomes

algebra manipulations, we can have the following unbiased estimates for the four variances
defined in model 17.37 and Eq. (17.38):


 
 
 

Pijk  P . . . ¼ P:jk  P:j : þ Pi ::  P . . . þ P:j :  P . . . þ Pij :  Pi ::  P:j : þ P . . .
þ Pijk  P:jk þ P:j :  Pij :


ð17:46Þ
Therefore, ANOVA can be done based on the
above model. It can be seen from linear model
(17.46) that including the block effect will not
affect the estimation of genotypic effects, environmental effects, and interaction effects and
will not affect the estimation of genotypic variance, environmental variance, and interaction
variance, either. However, it will affect the estimation of residual effects and therefore the error

variance. When the block effect is significant,
estimated error variance will be lower than that
from linear model (17.39). The reduced error
variance allows more precise comparison of phenotypic means. In practice, other options are to
estimate the block effect using Eq. (17.45),
adjust the raw data by the block effect, and
apply linear model (17.39) on the adjusted phenotypic observations.
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17.5.3 Estimation of Heritability
in the Broad Sense
As represented by the linear model (17.37), in
multiple environments, phenotype of a quantitative trait for a given genotype or line or family
can be decomposed into five parts: (1) overall
mean across genotypes, environments, and
replications; (2) genotypic effect of the specific
genotype; (3) environmental effect of the specific
environment; (4) genotype by environment interaction effect; and (5) random residual error. That
is,
P ¼ μ þ G þ E þ GE þ ε

ð17:47Þ

where overall mean, genotypic effects, environmental effects, and interaction effects are
assumed to be unknown parameters (or fixed
effects), and residual error is assumed to be a
random variable. When random error has a normal distribution, the phenotypic variance σ P2 is
equal to the sum of genotypic variance σ G2, environmental variance σ E2, interaction variance
σ GE2, and error variance σ ε2. In session 4.2, we
have seen that ANOVA can give the unbiased
estimates of those variances. Therefore, we can
have the unbiased estimate of phenotypic variance as follows:
σ 2P ¼ σ 2G þ σ 2E þ σ 2GE þ σ 2ε
In genetics, we are more concerned about the
genetic variance and genotype by environment
interaction. So environmental variance is normally excluded from phenotypic variance, i.e.,
σ 2P ¼ σ 2G þ σ 2GE þ σ 2ε

ð17:48Þ

Similar to single-environmental trials, proportion of genetic variance over phenotypic variance
is defined as the heritability in the broad sense,
represented by H2, i.e.,
H2 ¼

σ 2G

σ 2G
þ σ 2GE þ σ 2ε

ð17:49Þ

Therefore, in applying the estimates of genotypic, interaction, and error variances in
Eq. (17.49), we can estimate the heritability in
the broad sense of quantitative traits.
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The heritability estimated by the formula
(17.49) is based on single observations. When
genetic analysis is based on phenotypic mean
across environments and replications, i.e., Pi ::,
Eqs. (17.47), (17.48), and (17.49) become
P¼μþGþε

ð17:50Þ

1
þ σ 2ε
er

ð17:51Þ

σ 2P
H2 ¼

σ 2G
σ 2P

¼
¼

σ 2G

σ 2G
σ 2G þ er1 σ 2ε

ð17:52Þ

17.5.4 An Example on Yield of Ten
Maize Inbred Lines in Three
Environments
Ten maize recombination inbred lines (RILs)
were evaluated across three environments, and
the randomized block design (RBD) was used in
each environment. In each environment, three
replications of the ten lines are arranged in
three homogenous field blocks. Yield was
measured on each plot of replication, and raw
data is given in Table 17.7. Please be noted that
Table 17.4 actually shows the results from environment I. Let’s first ignore the issue of heterogeneous environments and assume that the three
environments have equal error variance. The
issue of heterogeneous environments will be
discussed in session 8.5.
Row mean represents the phenotypic mean of
each RIL, which is shown in the second last
column in Table 17.7. Column mean across the
three replications represents each environmental
mean, which is shown in the fourth last row in
Table 17.7. Mean across the ten RILs, three
environments, and three replications is the overall mean, which is equal to 3.13 (Table 17.7). The
deviation of phenotypic mean to the overall mean
is the genotypic effect, which is shown in the last
column in Table 17.7. The deviation of environmental mean to the overall mean is the environmental effect, which is shown in the last third
row in Table 17.7. Obviously, the ten genotypic
effects have a sum of 0 and so have the three
environmental effects. The interaction effects
can be calculated by the formula (17.40) (not
shown). Interaction effects have a total number

Genotype
RIL1
RIL2
RIL3
RIL4
RIL5
RIL6
RIL7
RIL8
RIL9
RIL10
 
Environmental mean P:j :
Environmental effect (Eˆj)
 
Block mean P:jk


Block effect B^ kðjÞ
2.754
0.043

2.783

0.014

0.056

Rep III
2.43
2.75
2.70
1.80
2.72
2.14
2.25
3.80
4.14
2.81

0.330
2.853

Environment I
Rep I
Rep II
2.56
2.66
2.66
2.50
2.93
2.97
2.57
2.21
3.06
2.61
1.94
2.16
1.85
1.69
3.83
3.58
4.32
4.12
2.81
3.33
2.797

0.057

0.031
3.215
0.035

3.193

Environment II
Rep I Rep II
2.25
2.34
2.61
2.21
2.79
3.11
4.01
3.69
3.60
3.11
2.16
2.93
2.39
2.03
3.74
5.04
4.91
4.32
3.69
3.15
3.158

0.093

3.065

Rep III
2.25
2.75
3.06
3.23
3.15
1.71
2.57
4.46
3.96
3.51

0.083

0.300
3.510

0.075

3.352

Environment III
Rep I Rep II
4.09
4.19
1.35
2.12
3.89
3.20
3.83
4.73
3.66
3.71
4.27
3.17
3.73
3.65
3.33
3.30
4.06
3.90
2.89
1.55
3.427

Table 17.7 Yield performance of ten maize inbred lines in three replications and three environments

0.009

3.418

Rep III
4.01
2.81
3.15
4.33
3.89
4.32
1.88
3.38
4.29
2.12

 
Phenotypic mean Pi :
2.976
2.418
3.089
3.378
3.279
2.756
2.449
3.829
4.224
2.873
P . . . ¼ 3:127

Genotypic effect (Ĝi)
0.151
0.709
0.038
0.251
0.152
0.371
0.678
0.702
1.097
0.254
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of g  e, with a sum of 0. Additionally, the
g effects for each environment have a sum of
0, the e effects for each genotype have a sum of
0, and therefore the number of independent
effects is equal to the degree of freedom of
(g  1)  (e  1).
Column mean across the ten genotypes
represents the block mean, which is shown in
the second last row in Table 17.7. The deviation
of block mean to the environmental sample mean
is the block effect, which is shown in the last row
in Table 17.7. So we have block effects for the
three replications and the three environments.
Obviously, the three block effects in each environment have a sum of 0.
When block effects are also ignored,
Table 17.8 shows the combined ANOVA across
the three environments. Actually, SS of genotype
is equal to e  r times of the sum of the squared
genotypic effects. SS of environment is equal to
g  r times of the sum of the squared environmental effects. SS of interaction is equal to
r times of the sum of the squared interaction
effects. It can be seen from Table 17.8 that the
ten RILs show significant difference on the yield.
In addition, environmental effects and interaction effects are highly significant as well. From
the four mean squares, error variance is

estimated at 0.165, environmental variance at
0.094, genotypic variance at 0.312, and interaction variance at 0.220. From estimated variances,
heritability in the plot level is estimated at
44.8 %, and heritability in the phenotypic mean
level is estimated at 94.5 %.

17.5.5 Estimation of Genotypic Value in
Heterogeneous Environments
In multiple-environmental trials, it is generally
assumed that different genotypes in a specific
environment have the same error variance. This
assumption may be unrealistic when environmental conditions are heterogeneous or when
the data span a long time period. Several sources
of heterogeneous variances are identified to make
the environments heterogeneous, including temperature, water, soil, pest, etc. There are several
useful tests of the homogeneity of variance
assumption. Here we show how to use Bartlett’s
test to check if variances are homogenized. Let
σ^ 2εj and df εj be error variance for the jth environment and its degree of freedom, respectively, and
then null hypothesis and alternative hypothesis
are

H0 : σ 2ε1 ¼ σ 2ε2 ¼    ¼ σ 2εe , and
HA : at least two of σ 2ε1 , σ 2ε2 , . . .
Under null hypothesis, the combined error
variance σ ε2 can be obtained by individual error
variances of the e environments, that is,
σ 2ε

1 X
¼X
df εj  σ 2εi
df εj j

ð17:53Þ

j

Bartlett’s statistics approximately follows χ 2 distribution with degree of freedom e  1, that is,
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and σ 2εe are not equal:
X

χ ¼
2

!

 
df εj ln σ 2ε

j



X

df εj  ln σ 2εi  χ 2 ðe  1Þ

j

ð17:54Þ
Under heterogeneous environments, the mean
performance of one genotype is assumed to be μ,
error variance in the jth environment is σ 2εj , and Pj
is its phenotypic value in the jth environment.
Therefore, the linear model is
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Table 17.8 ANOVA of the multi-environmental trial shown in Table 17.7
Source
Environment
Genotype
Interaction
Error
Total
R2 (%)
LSD (P ¼ 0.05)
LSD (P ¼ 0.01)
H2 per plot
H2 per mean

DF
2
9
18
60
89
84.647
1.087
1.489
0.448
0.945

SS
5.996
26.753
21.686
9.873
64.308

Pi ¼ μþεj , εj  N 0, σ 2εj ðj ¼ 1, 2, . . . , eÞ and independent

In this case, the simple mean P: ¼ 1e

X

Pj is still

j

an unbiased estimation of μ but not the best one.
That is to say, there are other estimates having
smaller variance than the simple mean. By calculating the variance of the linear combination of
Pj ( j ¼ 1, 2, . . ., e), BLUE of μ can be found as
X
μ^ ¼
wj Pj , where
j

wj ¼ crdisplaystyle

1
σ 2εj
1
1
1
þ 2 þ  þ 2
2
σ ε1 σ ε2
σ εe
ð17:55Þ

The variance of μ^ ¼

X

wj Pj can be found as

j

V ðμ^ Þ ¼

1
σ 2ε

1

1
:
þ σ12 þ    þ σ12
ε2

ð17:56Þ

εe

The variance given in Eq. (17.56) is the least
among all possible unbiased linear combinations
of Pj ( j ¼ 1, 2, . . ., e). If and only if environments
 
are homogeneous, V ðμ^ Þ and V P: are equal. That
is to say, when environments are heterogeneous,
weighted mean is a better estimate than simple
mean, in the sense of least variance. When an
environment has smaller error variance, a higher
weight should be given for this environment.
To illustrate the effectiveness of weighted
mean, we assume that there are two
environments and σ 2ε2 ¼ sσ 2ε1 . Then, we have

MS
2.998
2.973
1.205
0.165

Variance
0.094
0.312
0.220
0.165

F value
18.219
18.064
7.322

P value
0.000
0.000
0.000

 
s 2
σ ε1 , V P
1þs
1
V ðμ^ Þ
4s
¼ ð1 þ sÞσ 2ε1 , and   ¼
4
V P
ð1 þ sÞ2

V ðμ^ Þ ¼

We can clearly see the ratio of variance of
weighted mean and simple mean in Fig. 17.3.
 
When s ¼ 1, that is, σ 2ε2 ¼ σ 2ε1 , V ðμ^ Þ ¼ V P .
 
When s 6¼ 1, V ðμ^ Þ is always smaller than V P .
σ 2ε1 6¼ 0 and σ 2ε2 ¼ 0 (s ¼ 0) are an extreme
case, which indicates that the second environment does not have any error. In this case, the
observation in the second environment is equal to
the phenotypic mean. The error variance in the
first environment is nonzero, which indicates that
the observation in the first environment may be
deviated from the phenotypic mean. In this case,
the observation in the second environment is the
best estimate of μ. Including observations from
the first environment may cause deviation from
the phenotypic mean.
σ 2ε1 6¼ 0 and σ 2ε2 ¼ 1 represent another
extreme case. Observations in the second environment have nothing to do with μ. In this case,
observation in the second environment is complete random error, which does not contain any
useful information about the phenotypic mean to
be estimated. Including observations from the
second environment may cause more deviation
from the phenotypic mean. Thus observations in
the first environment are the best estimate of μ.
Now, we revisit the data in Table 17.7.
Table 17.9 summarizes the ANOVA results in
the three environments. The three error variances
were estimated respectively at 0.0473, 0.1525,
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1
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0

0
0.2
0.4
0.6
0.8
1
1.2
1.4
1.6
1.8
2
2.2
2.4
2.6
2.8
3
3.2
3.4
3.6
3.8
4

Ratio of variances of BLUE and the
unweighted mean

Fig. 17.3 The variance
ratio of BLUE and the
simple unweighted mean
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Ratio of two error variances

Table 17.9 ANOVA in each environment using data in Table 17.7
Environment
I
II
III

Mean square
Genotype
1.530
2.044
1.809

Error
0.047
0.153
0.294

F value
32.346
13.404
6.154

DF of error
20
20
20

and 0.2939, with the same degree of freedom of
20. If the null hypothesis H 0 : σ 2ε1 ¼ σ 2ε2 ¼ σ 2ε3 is
true, the combined error variance is estimated σ^ 2ε
¼ 0:1646 by Eq. (17.53). The Bartlett’s χ 2 statistic defined in Eq. (17.54) has a value of 14.86,
and its degree of freedom is 2. Hence the significance probability can be found at P ¼ 0.0003,
which is highly significant. The high significance
from the χ 2 test indicates the heterogeneity
among the three environments. In theory, it is
not appropriate to conduct the combined
ANOVA as Table 17.8, when the environments
are heterogeneous. Instead, ANOVA should be
conducted for each environment, as shown in
Table 17.9.
For comparison, Table 17.10 gives simple
means and BLUE (or weighted means) of the
ten RILs and ranks of the ten RILs from simple
mean and BLUE. Weights in BLUE are 0.68,
0.21, and 0.11 for the three environments in
calculating BLUE (last row in Table 17.10).
Environment I has the least error variance of

Estimated variance
Genotype
Error
0.494
0.047
0.630
0.153
0.505
0.294

Heritability
Per plot
0.913
0.805
0.632

Per mean
0.969
0.925
0.838

0.047 (Table 17.9) and therefore has the highest
weight in BLUE. Environment III has the largest
error variance of 0.294 (Table 17.9) and therefore has the lowest weight in BLUE. The use of
weighted mean does not change the ranks of the
two top RILs but gives quite different ranks for
other RILs. As indicated before, BLUE has the
least variance compared to any other unbiased
linear estimates. Considering the highly heterogeneous environments, BLUE given in
Table 17.10 is expected to be much closer to
the true phenotypic mean of each RIL and therefore should be used in further genetic studies,
such as QTL mapping.
The sample mean across the three replications
of each RIL has a variance at 0.016 in
environment I, 0.051 in environment II, and
0.098 in environment III (Table 17.10), which
is equal to the estimated error variance divided
by the number of replications. Therefore, variance of the simple mean and variance of BLUE
and their standard error (SE) are
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Table 17.10 Comparison of simple mean and BLUE and using data in Table 17.7
Environment
I
2.55
2.64
2.87
2.19
2.80
2.08
1.93
3.74
4.19
2.98
0.016
0.680

Genotype
RIL1
RIL2
RIL3
RIL4
RIL5
RIL6
RIL7
RIL8
RIL9
RIL10
Variance
Weight

II
2.28
2.52
2.99
3.64
3.29
2.27
2.33
4.41
4.40
3.45
0.051
0.211

III
4.10
2.09
3.41
4.30
3.75
3.92
3.09
3.34
4.08
2.19
0.098
0.109

1
¼ 0:011,
1
1
1
þ
þ
0:016 0:051 0:098
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
 
SEðμ^ Þ ¼ 0:011 ¼ 0:104, V P
V ðμ^ Þ ¼

1
1
1
 0:016 þ  0:051 þ  0:098
3
3
3
  pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
¼ 0:055, SE P ¼ 0:055 ¼ 0:234

¼

Obviously, the weighted mean has much smaller
variance and SE compared with the unweighted
mean. The error variance estimated above can be
used in significance test between the ten RILs, as
normally done in ANOVA.

17.6

Simple mean
2.976
2.418
3.089
3.378
3.279
2.756
2.449
3.829
4.224
2.873

Rank
6
10
5
3
4
8
9
2
1
7

BLUE
2.662
2.555
2.954
2.726
3.007
2.321
2.141
3.838
4.222
2.993

Rank
7
8
5
6
3
9
10
2
1
4

for Replication, the forth column is for the first
trait, the fifth column is for the second trait, and
so on (left of Fig. 17.4). The first three columns
can be either number or string. Columns for traits
must be numbers. Missing trait values were
denoted as 100.00.
From output, the users can find standard
ANOVA tables for each environment and combined analysis across environments for each trait
in AOV file, and the expected genotypic values
for each environment and combined analysis for
each trait in EGV file. Besides, frequency histogram (FRQ file) and Q-Q plot (QQP file) can be
shown by selecting corresponding menus for raw
phenotype and expected genotype per replication,
per trait, and per environment (Right of Fig. 17.4).

A Computer Tool for Analyzing
Multi-environmental Trials

QTL IciMapping (freely available from www.
isbreeding.net) was an integrated software for
linkage map construction and QTL mapping.
For multi-environmental trials, a tool called
ANOVA is implemented in the software to estimate the genetic variance and heritability in
broad sense from phenotypic data. The data format can be in CSV, XLS, or XLSX. If in format
of XLS or XLSX, the sheet name must be
“ANOVA” (left of Fig. 17.4). In sheet
ANOVA, the first row is for Environment, the
second row is for Genotype, the third column is

17.6.1 Objectives in Phenotyping
Complex Traits
Genotypic value can be estimated by marker loci
or by known quantitative trait loci. But even if
marker loci or quantitative trait loci are not
analyzed, the relative magnitudes of additive,
dominance, and epistatic effects across unknown
loci can be estimated from an analysis of the
phenotypic value. In classic quantitative genetics, the number of genes controlling the trait of
interest can be estimated by Castle-Wright formula (Sect. 17.2.3). The segregation analysis can
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Fig. 17.4 Multi-environmental phenotyping data in Excel (left) and the interface of the ANOVA computing tool
(right)

be used to estimate genetic parameters of the
variation of a quantitative trait, including additive and dominance effects, additive and dominance variance, and heritability for both major
genes and polygenes (Gai and Wang 1998).
Therefore, only by phenotypic data, we can distinguish the effects of major genes from
polygenes and/or environments, which is important for understanding the expression of a major
gene in relation to its genetic background and for
predicting the segregation of a cross in breeding.

17.6.2 The Three Basic Principles of
Field Experimental Design in
Phenotyping Complex Traits
In field experiments, environmental condition
may vary from one stage of the experiment to
the next. Some factors may not be possible to
isolate from others, thus forcing the investigation
of several factors jointly. On top of that, measurement errors may introduce unwanted error
into the system. Therefore, precautionary
measures need to be taken. To design the experiment in a better way, R. A. Fisher has enumerated three principles of experimental designs
(Fisher 1926): (1) the principle of local control,
(2) the principle of randomization, and (3) the
principle of replication. These are discussed in
details in Chap. 16 and briefly described below.
The principle of local control eliminates the
variability caused by extraneous factors can be

measured. This means that we should plan the
experiment in a manner that we can perform a
three-way ANOVA, in which the total variability
of the data is divided into four components
attributed to treatments (genotype in our case),
environments (in our case), extraneous factor
(e.g., soil fertility), and experimental error. In
other words, in each environment, we first divide
the field into several homogeneous parts, known
as blocks, and then each such block is divided
into parts equal to the number of genotypes. In
general, blocks are the levels at which we hold an
extraneous factor fixed, so that we can measure
its contribution to the total variability of the data
by means of a three-way ANOVA (Eq. 17.46 in
Sect. 17.4.2). For increasing the statistical accuracy of the experiment, the principle of replication is required in which the experiment is
repeated more than once. Thus, each treatment
is applied in many experimental units instead of
one. For example, when considering multiple
genotypes in one environment (Sect. 17.3),
more replications give more precise estimate of
the true genotype (Eq. 17.25). Sometimes the
entire experiment can be repeated several times
for better results. It should be remembered that
replication is introduced in order to increase the
precision of a study, that is to say, to increase the
accuracy with which the main effects and
interactions can be estimated. Finally, principle
of randomization provides protection against the
effects of extraneous factors by randomization,
and each treatment has equal opportunity to get a
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place where soil fertility is good or bad. For
instance, if we grow one variety of maize, say,
in the first half of the parts of a field and the other
variety is grown in the other half, then it is just
possible that the soil fertility may be different in
the first half in comparison to the other half. If
this is so, our results would not be realistic. In
such a situation, we may assign the variety of rice
to be grown in different parts of the field on the
basis of some random sampling technique.
Through the application of the principle of randomization, we can have a better estimate of the
well-known experimental error.

17.6.3 Quality Control of Phenotype
Phenotypic values are usually measured in multiple environments/locations/years, each with
several replications. Measurement procedure is
fraught with sources of potential error, which
may arise in the observer, in the plant, or in the
overall application of the technique. Therefore
quality assurance and quality control of phenotype are essentially required to insure the success
of genetic study. Generally, quality control of
phenotype should be conducted right after the
phenotypic values are out of the measurements.
Maximum value, minimum value, mean, variance, histogram, variance of replications, heritability in broad sense, etc. are the easiest and most
effective statistics to evaluate the raw
phenotypes.
• Outliers (or unusual values) are values that lie
outside the usual range of phenotype of the
trait of interest. They can seriously affect the
results of analyses. There are two aspects in
dealing with outliers, identifying them and
dealing with them. There are formal tests for
detecting outliers (Miller 1993; Sokal and
Rohlf 1995), but they can be easily
highlighted by the distribution of phenotype,
that is, histogram plot. Outliers would make
either maximum value or minimum value to
be anomalous and make variance abnormally
large. Once we identify outliers, we should
first check to make sure they are not a mistake,
such as an error typing in your data or in
writing values down. They often show up as
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impossible values, for example, 5 cm for
plant height. If you can classify an outlier as
a mistake, it should be deleted. If you have no
reason to suspect an outlier as being a mistake, you can do the genetic study without the
outlier to see how much they influence the
outcome of the analysis. If the conclusions
are altered, then you should try and determine
why those values are so different. Perhaps
there was contamination during pollen; plants
were from different subpopulation, etc.
• The shape of the distribution of phenotype can
be examined by plotting a histogram. Is the
distribution symmetrical or skewed? Is it
unimodal or multimodal? We may find a
priori like biological or physiological reasons
to explain this distribution. In some cases,
genetic models for the trait of interest can be
estimated by the distributions (Gai and Wang
1998; Wang et al. 2001).
• The large variance of replications should be
argued. Replication demonstrates the results
to be reproducible, at least under the current
experimental conditions. Large variance of
replications indicated that the repetitiveness
of the experiments is poor, the precision for
estimates of genotype mean is low, and the
experimental error variance is large, which
may cause the low heritability in broad sense.
• Heritability in broad sense is low. Heritability
is a concept that summarizes how much of the
variation in a trait is due to variation in genetic
factors. We have demonstrated how to estimate heritability in broad sense by phenotypic
values in previous sections. A low heritability
means that of all observed variations, a small
proportion is caused by variation in genotypes
(Visscher et al. 2008). That is to say, the
heritability of a group of individuals with
relatively similar heredities is relatively low,
and the phenotype of an individual is not
a good predictor of the genotype. In many
gene-mapping experiments, the probability
of detecting a gene of large effect increases
with heritability (Bradford and Famula 1984;
Oliver et al. 2005; Weedon et al. 2007).
Therefore, low heritability implies that
the follow-up genetic study may be not
efficient.
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17.6.4 Fixed Effect or Random Effect
Analysis based on phenotypic values in
Sects. 17.2, 17.3, 17.4, and 17.5 is under assumption that all interested effects, including genotypic effect, environmental effect, genotypic by
environment interaction effect, and block effect,
are fixed effects. It is natural to ask when and
which explanatory variables (also called independent variables) to give random effects.
Conceptually, effects of variables might be
treated as random if we can think of the levels
of the variable that we included in the study as a
sample drawn from some larger population of
levels that could (in principle) have been
selected. Practically, one key difference between
fixed and random effects is in the kind of information we want from the analysis of the effects.
In the case of fixed effects, we are usually
interested in making explicit comparisons of one
level against another. For example, we would want
to compare the yield mean in Beijing to that in
New York in an experiment. If explicit comparison
of the levels of a variable against one another is the
goal of the research, then the levels of the variable
are usually treated as “fixed.” If, on the other hand,
our primary interest is in the effects of other
variables or treatments across the levels of a factor
(e.g., the effect of block on yield, across genotypes
from three environments), that is to say, we
assumed that the block effect varies randomly
within the population of environments, and the
researcher is interested to test and estimate the
variance of these random effects across this population. Then the block variable might be treated as
a “random” effect. In this chapter, we assumed that
all the related effects are fixed.

17.6.5 Conclusion
Phenotypic variability may be caused by genotype and environmental factors. Therefore plant
geneticists are interested to dissect phenotype
and to identify the genes that play important
roles in the inheritance of phenotype. They try
to explain the role of those genes in relation to
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one another and in relation to the environment.
Genetic mapping correlates the phenotype with
the genotype of genetic markers, which are
expected to be located close to the genes
(or genomic regions) of interest. The
relationships between the phenotype and gene
of interest can be weakened if phenotypic
variability is underestimated or overestimated.
Therefore, traits should be measured reproducibly on a large number of samples, and biometrical techniques can be useful to determine the true
genotypic value. This can help to locate, enumerate, and annotate genes and to assign known or
putative biochemical functions. However, only
about two-thirds of all genes have an assigned
biochemical function, and only a fraction of
those are associated with a phenotype. Therefore
some efforts are needed on phenomics (Bochner
2003) in order to accelerate the pace of the discovery of genes using advanced tools and
techniques of biometrics.
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