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Synonymous terms

Any gene combination still undergoing tests will be referred to

as a

used for an individual, be it a variety, genotype, etc., when such

distinction is unnecessary.

The term "variable", will be used interchangeably with

and "cluster"; "classification" with "grouping".

"division".

. i

"partition" and

"class""measure", "trait"

"genotype", while a "variety" will refer to one that has already

and "character". Likewise, "group" with

been tested and released for use. However, the term "entry" will be
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ABSTRACT

Utilisation of plant resistance for insect pest management

requires identification of resistant genotypes and development of

cultivars combining high levels of resistance with other desirable

usually screened under suitable conditions to identify those with

resistance to the insect pest in question using appropriate measures.

A basic limitation to conventional selection methods is the

choice of cut-off point(s) for efficient partitioning of genotypes into

resistance/susceptible groups and the assumption that resistance traits

contribute equally and independently to yield loss. This makes it

difficult to effectively distinguish and/or delineate genotypes into

resistance/susceptible groups and may thus hinder selection and

consequently delay or derail the development of resistant genotypes.

This study considered objective statistical approaches to the

classification and selection problems. The aim was to optimise the

selection, by maximising the differences between the selected group

and the other group(s) while minimising the differences within the

selected group. Procedures for partitioning crop genotypes into

resistance classes, based on observed resistance levels, were

proposed and the potential for their use in selecting genotypes was

evaluated.

characteristics. Consequently, a large number of genotypes are
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For the single-trait selection, the three categories of procedures

graphical method where plots of ordered means

against the corresponding normal scores were used to determine the

optimum number of groups and their limits. The second is based on

cluster analysis techniques. In the third procedure, classification

models were formulated and hypothesis testing using the likelihood

ratio and the quasi bayesian test statistics facilitated the identification

of the most plausible points to subdivide the entries under study into

distinct groups.

Cluster analysis (CA) and likelihood ratio test (LRT) procedures

were investigated for multi-trait selection, focussing on

interrelationships among the resistance variables. Use of principal

component analysis (PCA) generated indices (principal components

(PCs)) was compared with some 3 commonly used indices, viz, rank

summation index (RSI), Smith-Hazel index (SHI) and Dobie's index of

susceptibility (I).

The practical application of the procedures was investigated

using two groups of real field data and the comparison of their relative

performance was made through simulation studies.

The results show that the hypothesis testing procedure, overall,

performed best. The LRT statistic plots for the 2-group model, in

addition to locating the optimum cutpoint for the model, gave a clear

picture of the entire structure of the data, especially when distinct

groups existed. Its power to detect the 1-group model, as shown

1

investigated include a
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of the quasi bayesian test statistic gave poor results.

Cluster Analysis, in general, gave fairly similar results to the

LRT procedure. The method was fairly robust to distributional

assumptions and easy to use.

Normal score plots were fairly precise at determining the

optimum number of groups in the data and, used along with other

procedures, the plots gave satisfactory and useful results.

The results further showed that, for multivariate classifications,

the appropriate procedure and index to adopt depended heavily on

intercorrelations among the variables. Simulation studies indicated

that classification was greatly facilitated by the existence of high

correlations among variables. In this case, promising results were

obtained using PCs as the basic variables for classification, in

comparison to RSI, SHI and I.

Overall, the optimal conditions for all the classification

procedures included equal groups sizes and high intercorrelations

among variables.

Application of the proposed procedures to real data

demonstrated that the conventional methods of pre-setting selection

conditions, in form of group limits, selection intensity, etc., could lead

to enormous loss of useful materials.

It was concluded that, other than being alternatives for solving

the classification and subsequent selection problems, the procedures

from simulation studies, is an added advantage over the others. Use
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technique be applied before deciding on the optimal solution.

-posed in this study would better serve as complementary solutions-

t is therefore recommended that, where possible, more than one



CHAPTER 1

INTRODUCTION

GENERAL BACKGROUND1.1

Crop production level is generally low under subsistence farming

conditions in the developing world where farmers have limited access

to various inputs. Insect pests constitute one of the major constraints

responsible for this low production level with yield losses of up to

80% having been reported (Singh & Allen, 1980; Agrawal & Taneja,

definition of an insect pest is essentially economic, and refers to any

insect which does economic damage to crops and animals, or is

harmful to human health.

The use of chemical pesticides has been the usual control

option for insect pests. However, pesticides are expensive and

oftentimes require special equipment and critical timing to apply (Davis

et a!., 1988). Moreover, undesirable side effects, including residual

toxicity in the consumed products and adverse effects on other crop

plants in mixed cropping systems and also on parasites, predators and

other beneficial organisms, are known (Rana & Murty, 1971; Ashraf &

Fatima, 1990). In addition, the rapid development of resistance by

insect pests to pesticides has been reported (Bell & Stuart, 1990; Ellis

chemicals for pest control. Other control options, such as biological

et a!., 1994). Hence, emphasis is now being placed on minimal use of

1989; Singh & Rana, 1989). From an agricultural point of view, the
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control, are

large extent trom natural enemies, unfavourable environmental

conditions and pesticides (Agrawal & Taneja, 1989; Mansour & Bar-

Zur, 1992).

method of reducing the farmer's dependence on insecticides. I he

method is economical, simple and convenient, ecologically acceptable,

effective and has cumulative effects that renders it long lasting (Rana

& Murty, 1971; Horber, 1972; Pathak & Saxena, 1979; Davis eta!.,

1988; Horn, 1988; Agrawal et a!., 1990; Alexander & Bramel-Cox,

1 991; Dent, 1 992; Oghiake & Odulaja, 1 993a; Ellis et a!., 1 994;

Thorme et a!., 1994). Being compatible with chemical, biological, and

other control measures promotes its use in insect pest management

systems. Therefore, host plant resistance probably offers the best

insect pest management option.

HOST PLANT RESISTANCE1.2

Insect pest-resistance in plants is that heritable property which

reduces the infestation and damage by an insect species to a level

relatively lower than those of other plants under similar environmental

conditions (Painter, 1958; Panda & Heinricks, 1983). Host plants

differ in their levels of resistance/susceptibility to insect pests.

Whereas resistant plants suffer relatively low degrees of infestation

i he use of insect pest resistant crop varieties offers one

within Stems, such as stem borers, whose larvae are protected to a
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and damage, susceptible plants are heavily attacked by insect pests

and suffer severe damage and yield losses. On the other hand,

tolerant plants suffer low yield losses despite the relatively heavy

infestation and/or damage.

Painter (1951) subdivided plant resistance into nonpreference,

antibiosis and tolerance. Nonpreference refers to situations whereby

an insect simply neither feeds nor oviposits extensively on the

resistant plant, but rather, departs to more favoured varieties or

species. Such a resistant plant may have special features which

affect the behaviour of the insect during orientation for food, shelter

and oviposition thus making it less attractive or unacceptable to the

pest. Antibiosis refers to the physical or biochemical characteristics of

the plant that exert adverse effects on the pests' biology/life history

such as survival, development and reproduction. Tolerance is the

ability of a plant to support a population of insect pests, withstand

insect damage and continue to yield at productive levels. While

antibiosis and tolerance are both attributes of the resistant plant,

nonpreference is viewed from the insect's perspective and connotes

choice; the insect either prefers one variety or plant to another or does

not. Kogan and Ortman (1978) have suggested an analogous term

'antixenosis' which is a characteristic of the plant and describes the

inability of a plant to serve as a host to an insect herbivore, as a result

of which the insect pest is forced to select an alternative host plant

(Smith et a!., 1994).
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1.3 RESISTANCE MEASURES

Utilisation of plant resistance for insect pest management

requires identification of resistant lines/genotypes, elucidation of

mechanisms of resistance and development of cultivars combining

high levels of resistance with other desirable characteristics.

Consequently, a large number of genotypes are usually screened unde-

artificial and natural conditions to identify, using appropriate

measures, those with resistance to the pest in question.

Quantification of relative levels of resistance requires

development of appropriate rating scales and measurement systems.

Criteria for measuring host plant resistance are generally based on

either the effect of the pest on the plant, plant survival and productior

under infestation and/or the effect of the plant on the behaviour and

biology of the pest (Davies, 1 985; Saxena, 1 989). For example in the

include pest abundance (number of eggs laid, larval/pupal density,

etc.) and damage measures (foliar lesions, dead heart, stem tunnelling

etc.). However, the latter are of greater interest because they directly

affect yield.

Various experiments primarily aimed at identification of the

most useful damage measure that can be effectively used in breeding

programs to select for resistance have been conducted. It has

however been argued (Barrow, 1985 & 1987; Ampofo et a!., 1986;

case of resistance of maize to stem borers, measures of interest
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necessarily be operating in the stem and that resistance in the early

growth stages of the plant may not be operating in a later stage

(Sneath & Sokal, 1973). Moreover, it is known that a genotype may,

for example, be highly resistant to foliar damage but less for stem

tunnelling and vice versa for another genotype. In effect, a genotype

by trait interaction exists (Ajala & Saxena, 1994). Therefore, to have

protect the plant at all stages of feeding activities by the insect,

approach will require the use of appropriate indices for simultaneous

selection for resistance.

CLASSIFICATION INTO RESISTANCE GROUPS1.4

Genotypes are usually classified as resistant or susceptible to

pests based on infestation and/or damage measures. Since resistance

is a relative term (in contrast to immunity, which is absolute and a

quality of a non-host), its evaluation often hinges on comparison of

the entries tested against checks whose resistance or susceptibility

levels have been previously determined (Horber, 1980; Sanford et a!.,

1993).

Classification can be based on either a single measure or a

useful depending on the research objectives. Aapproaches are

an overall improvement in the level of resistance that will eventually

resistance to more than one damage measure is desired. Such an

combination of measures. Both single or multi-trait classification
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general review of the approaches for single-trait and multi-trait

classification and selection is presented in Chapter 2 of this thesis.

1.5 STATEMENT OF THE PROBLEM AND IMPLICATIONS

There are various problems associated with the existing

classification and selection methods. Inferences are often made using

various resistance measures and/or indices, without consideration for

the distributional properties and the statistical assumptions required

for the techniques employed.

The most critical shortcoming of the existing classification

methods and use of resistance indices probably lies in the choice of

the number of classes and the class limits or cut-off points. A

common practice is to preset the number of groups, the group sizes

(eg. "10% of test entries”) or limits (eg.

than 3"), regardless of the overall performance of the test entries.

Such a classification, based solely on ranking, does not take into

consideration the magnitude of the differences and variability in the

resistance measures of the genotypes being compared. Moreover,

fixing class limits prior to experimentation may result into nonsensical

selection since all or none of the genotypes may fall within the fixed

limits (Nabasirye eta!., 1993a).

Two extreme examples may help to illustrate the problem: (a)

suppose ten genotypes, half of which were to be selected, were

___  i

scored for foliar damage (scale 1-9) and gave the following mean

"with measured values less
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be very difficult to justify selection of the fifth entry, which scored 7,

given such a distribution of the mean scores; (b) starting with three

predetermined groups defined by 1-3: resistant, 4-7: moderate and 7-

9: susceptible, and the mean scores obtained are: 444466667

resistant (i.e., 1-3), no selection would be made.

Even where classification is based on some statistics (e.g.,

mean ± s.e. (Bhumannavar et a!., 1 989)), there are often no tests to

support these decisions. In some trials, standard varieties are included

and test entries are judged with reference to these, in form of relative

indices. Obviously, this is a reasonable approach considering the fact

that the primary objective is to improve on the existing levels of pest

resistance. However, it only applies when such standards are known.

In the case of a new pest, screening begins with no known standard

and hence, a different approach is required.

Another fundamental limitation to the use of some of the

existing classification methods is with regards to the difficulty in

assigning weights to various traits included in the indices. A less

obvious limitation in some studies involving multi-trait selection

approaches is the assumption that damage measures contribute

equally in reducing yield; that is, they have equal weights (Ampofo, et

al. 1986; Saxena, 1989). It is often the case that indices are

constructed without due consideration of the interrelationships among

scores: 12237|8889 9, ranked in order of magnitude. It would

7. Since it was pre-conditioned to select only entries defined as
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the various variables. Moreover, use of selection indices has not

still often arbitrarily chosen.

As a consequence of these problems, it becomes difficult to

effectively distinguish and/or delineate genotypes into

resistance/susceptible groups and may thus hinder effective selection

and consequently delay or derail the development of resistant

genotypes. It therefore becomes important to develop approaches and

procedures that will improve the efficiency of selecting resistant

genotypes.

OBJECTIVES AND SCOPE OF THE STUDY1.6

This study considers statistical approaches to the

aforementioned problems and is undertaken with the aim of

developing some statistical basis for evaluating and classifying crops

genotypes into resistance classes using damage levels. The objectives

of the study are to:

investigate the probability distributions of the resistance1.

measures that will facilitate appropriate statistical inferences on

them,

develop procedures for partitioning genotypes into resistance2.

classes to facilitate selection and

solved the problem of classification because selection cutpoints are
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compare several alternative procedures and evaluate the3.

potential for their use in selecting genotypes based on

resistance levels.

Optimal classification, which comprises the determination of optimal

number of classes and defining class limits (cut-points), will depend on

the magnitude of variability within the variables used for classification.

Proper use of variability will depend on the statistical distribution of

the measure(s) of resistance which may be determined empirically or

reasonably assumed.

It should be noted that the aim of any selection programme is to

reduce N genotypes available for selection to n so as to maximise the

average level of resistance of the n selected. This, in effect, suggests

that maximum gain from selection may be achieved by selecting

genotypes whose resistance levels are high, do not differ much among

themselves, yet differ widely from the rest of the genotypes.

In Chapter 2, the literature on methods of classification of

genotypes is reviewed. In Chapter 3, the univariate (single-trait) and

multivariate (multi-trait) classification procedures are respectively

described. In Chapter 5, empirical assessment of the procedures is

carried out through their application to two categories of real data and

summary of the findings from the study is presented, and further

research areas on the topic are suggested.

their comparison through simulation studies. Finally in Chapter 6, a

developed. In Chapter 4, the data sets used in the study are



CHAPTER 2

LITERATURE REVIEW

Classification is one of the basic aims of all scientific research

and is something that the human brain does intuitively in most aspects

genotypes essentially involves a prior classification of genotypes into

at least two groups based on some criteria.

The simplest definition of classification is the formation of items

into groups (Digby & Kempton, 1987). According to Gupta (1992),

classification impresses upon the arrangement of the data into

different classes according to their points of similarity thus introducing

homogeneity or uniformity amidst diversity.

Many authors use the term 'classification' synonymously with

'cluster analysis' and 'taxonomy'. However, some authors use the

term for the assignment of individuals to a pre-established set of

categories. This type of problem, which is related to discriminant

analysis, is usually called assignment, identification or diagnosis. We

shall use 'classification' to denote grouping techniques where classes

established from the resistance measures). We will not consider the

assignment problem in this study.

I

are determined from the data (that is, the boundaries of the classes

are not prespecified but instead are derived according to patterns

of life. Identification of the selected group and the rest of the
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CLASSIFICATION PROCEDURES2.1

Classification in the univariate population (single-trait) involves

determination of the best class boundaries/limits and the number of

classes. In a multivariate population (multi-trait), it involves making

choices on classification variates or a function of variates, the number

of classes, and the method of constructing the classes.

Approaches to single-trait and/or multi-trait classification and

selection have been reported by several workers (e.g. Marriott, 1970;

Gordon, 1973; Dhooria, 1981; Smith eta!., 1981; Alghali, 1983;

Mendes eta!., 1 985; Ampofo et a!., 1986; Kamalieta/., 1989;

Bhummanavar et a!., 1989; Saxena, 1989; Smith, 1990; Giga &

Mazarura, 1991; Odulaja & Nokoe, 1993; Oghiakhe & Odulaja 1993a

& 1993b; Ajala, 1994; Ajala, & Saxena, 1994), but with little

consensus or consistency of methodology among various users.

2.1.1 Single-trait classification

Single-trait based selection is important at preliminary evaluation

stages of varietal testing, when emphasis is on selecting genotypes

with desired levels of resistance for use in developing varieties that

will combine overall resistance with other desirable characters. It is

also particularly very useful in tandem selection, through which

individual traits are improved successively for a number of generations

(Hallauer & Miranda, 1988).
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The easiest and most widely used procedure utilises ranks. For

instance, the interest may be in selecting the best ten or a given

genotypes whose values of the variable of interest are less (or greater)

than a given value are selected (Ajala et a!., 1995). Dhooria (1981)

used a five-point scale with the upper and lower limits of each class

fixed arbitrarily. Likewise, Kamali et at. (1989), using a 9-point rating

scale, classified varieties with 1-3 as resistant, 4-6 as intermediate

and 7-9 as susceptible. In a few cases, genotypes have been

instance, Bhummanavar et al. (1989) based their classification on the

mean and standard deviation of the number of mites per leaf to group

a citrus germplasm into five resistance groups. A similar approach

was used by Mendes et al. (1985) and Smith (1990) to establish class

boundaries between tolerant, intermediate and intolerant maize

cultivars tested for tolerance to soil acidity. Performance class

boundaries between various classes were established by adding or

subtracting the standard error of a cultivar from the overall population

mean.

In other fields of study, the classification problem has involved

hypothesis testing. Various test statistics have been proposed in the

literature. For example, in clinical research, investigators often

assume that some quantitative measure allows a classification of a

population into two groups (e.g. a risk group and a normal group).

classified based on the frequency distribution of the data. For

fraction (selection intensity) of the test population. In some cases,
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When interest is in survival time, the P-value of the log-rank statistic

has been used (Lausen & Schumacher, 1992). The quasi bayesian

statistic of Chernoff & Zacks (1964) has been widely employed for

two groups (Gardner, 1969; Sen & Srivastava, 1975; James, et a!.,

1987).

Similar methods have been applied to detect shifts in production

processes, to study impacts of treatments (Sen & Srivastava, 1975),

in prognosis, diagnostics (Gail & Green, 1976) and classification used

in regression tree algorithms (Lausen & Schumacher, 1992).

The likelihood ratio test statistic is a popular measure of model

adequacy. It has been used for univariate problems (Gardner, 1 969;

Sen & srivastava, 1975; Worsley, 1979; James, et a!., 1987;

Mudholkar & McDermott, 1989), though not related to pest

resistance. Cate et a!., 1971 used the statistic to establish class

limits for dividing soil test correlation data into two classes (low,

high). The procedure splits the data into two groups, using

successive tentative critical levels to ascertain that particular critical

level which would maximise the overall predictive ability (R2) with the

means of the two classes as the predictor values.

Each of these approaches help in situations where a known

single variable is involved and on the assumption that this single

variable is capable of effective classification. A common procedure is

most cases involving damage due to insects, several variables interact

to classify on the basis of the most important variable. However, in
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to reduce yield and thus the need for simultaneous selection using

that the various infestation/damage measures are independent of each

other (i.e. genetically and environmentally uncorrelated). The contrary

has often been reported. If genetic associations exist, selection for

one trait will cause changes in other traits. These indirect changes are

known as correlated responses (Widstrom, 1974; Hallauer & Miranda,

1988; Ajalaeta/., 1995). Zeinali-Khanghah et al. (1993) selected

varieties using morphological and developmental traits to effect an

indirect selection for yield based on correlated response, the main

reason being that direct selection for yield required relatively expensive

yield trials.

Multi-trait classification2.1.2

To have an overall improvement in the level of resistance,

classification has usually been achieved through the use of indices.

Other approaches have included graphical and clustering methods.

Selection indices2.1.2.1

The goal of many plant breeding programs is simultaneous

improvement of a crop for several traits. Consequently, plant breeder;

must consider a number of traits during the selection process. Efforts

selection for more than one damage trait is desired. Multi-trait

several traits. Furthermore, selecting for one trait at a time assumes
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have been made over the years to develop indices for use in the

selection process.

Index selection was originally developed by Smith (1936) to

cope with the complex task of improving breeding material by

selecting simultaneously for several quantitative traits. Hazel (1943)

later modified and extended the index by outlining a method of

estimating genetic variances and covariances and by defining the

aggregate genotype (i.e. the genetic worth of an individual) as a linear

function of genetic values, each weighted by its relative economic

value.

The Smith-Hazel index is given by the equation

(2.1)

Xjj represents the phenotypic (observed mean) value of the 7th entry

for the /th trait, expressed in standard units (z-score); 7=1,2,...,n

entries; y=1,...,p traits; bjf which represents the index coefficient for

trait j, is given by:

P1 G aB

(2.2)

where P = [pjk] and G = [gjk], j,k = 1,...,p, are variance-covariance

SHIi

vector of economic weights, given by the user. For example, if the

■ S bixn
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resistance measures are considered to be of equal economical

importance, a will be a unit vector.

Variance component analysis is performed to obtain the

genotypic and phenotypic variances and covariances. For this

purpose, combined (across environments) analysis of variance

(ANOVA) and analysis of covariance (ANOCOVA) tables are required.

denotes the mth observation for the kth genotype in the Ith

+

(2.3)

where

mean effectP

effect of genotype k, k = 1,2,...,g

fl effect of environment I, I = 1,2,...,e

(^)ki interaction effect

effect of replicate m, m = 1,2,...,r in environment IFm(l)

random error.^klm

In this analysis, a mixed model is assumed where the effects of

genotypes and environments are considered fixed and random,

balanced classification may be utilised for estimating variance

components. The method, in general, is to equate the observed mean

squares with their expected values (Crump, 1951; Miller-Garvin &

I

yklm 0/

environment, the complete linear model for the data is represented as

respectively. The mean-squares in the standard ANOVA for a

If Yklm

+ (“0K/ eklm= p. + ak + Ym(/) +



1 7

Viands, 1994) and solve the resulting equations for the appropriate

components. Table 2.1 shows the skeletal ANOVA, where the

notation for the variance components corresponds to that under the

linear model in equation (2.3).

Table 2.1 ANOVA and expected mean squares (EMS)

Source d.f. MS EMS

Env (E) e-1

Rep (R) e(r-1)

Genotype (G) (g-D

G x E (g-1 )(e-1)

Error e(g-1)(r-1)

Total erg-1

The EMS equations are used to estimate the phenotypic,

genotypic, genotype x environment interaction, and error variances

respectively) as:

+ MJ/re, (2.4a)

(Ma - Ma/?)/re, (2.4b)

(M (2.4c)

(2.4d)Me.

ap - M€)/r,

M6

^2
a

[e(r-1)Me + (e-1)Mo/?

+ recr2o

°2e

2 
° Ph

+ w2ap

(^2phz

°\p

and cr2e,°2ap

+ r<72o/?

°2<



18

ANOCOVA for pairs of variables

genotypic, G x E, and error covariances.

• he Smith-Hazel approach is considered the optimum index

when accurate estimates of variances and covariances are available

(Williams, 1962; Crosbie et a!., 1980). Williams (1962) suggested

what is now called the Base index in which economic weights were

introduced. Plant breeders, however, often do not have reliable

estimates of variances and covariances

needed to assign relative economic weights (Crosbie, et al. 1980).

i herefore several researchers have suggested using indices that are

economic weight-free and or parameter-free.

Elston 11963) proposed a multiplicative index, called the Elston

weight-free - E'.'/r index, i he index value for each genotype is

obtained as the product of the phenotypic deviations for each trait in

(2.5]

where x

the lower

Lonnquist (1 98 i)-

is the observed value of the jth trait on the ith genotype, k is 

bound for trait j and p is the number of traits. Modifications

or the information that is

are used to estimate phenotypic,

EWF; = II (xy - k) ,

the index. It is written as:

Similany, expectations of mean cross products (EMCP) from the

to the index were mace by Subandi et al. (1973) and Compton and
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Pesek and Baker (1969) suggested that breeders usually would

be able to specify a desired gain rather than an economic weight for a

trait. The authors hence developed an index that uses desired gains

to determine the relative weights by maximising the expected

response in the population to the gain specified by the breeder.

Dobie (1974) proposed the following index:

100 (log, Fl)/Di

(2.6)

I, = index of susceptibility for the ith varietywhere

Fj - number of adult insects on the ith variety

D( = mean development time on the ith variety

The index takes into account both the number of Ft progeny

developing during the experimental period and the average

developmental time of the progeny. Alghali (1983), Horber (1980)

and Giga and Mazarura (1991) have used the index in storage pest

studies.

Mulamba and Mock (1978) developed a parameter-free index,

rank summation index (RSI), to select for improved plant density

tolerance in maize (Zea mays L.). The index, for a particular genotype,

is obtained as a sum of the ranks of the genotype in each of the traits.

The index is given by

A
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RSIt

(2.7)

where R^, is the observed ranking for the 7th genotype with respect to

the /th trait; 7=1,2,...,/? entries; / = 1 ,...,p traits. The index value lies

between p and pn. The use of RSI eliminates the need to assign

relative economic weights. In this study, we prefer taking the mean

refer to as the Rank Mean Index (RMI):

RMIt

(2.8)

RMI is easier to perceive as it lies between 1 and n.

Further studies have compared relative efficiencies of the

different indices using various criteria and RSI is one of the few that

has been singled out for its (i) simplicity of use, (ii) freedom from need

to estimate genetic parameters, and (iii) providing good selection

differential and predicted gains (Crosbie et a/., 1980).

Many other proposals and modifications of these indices now

exist. Classifications have then been effected by applying the

univariate procedures mentioned in Section 2.1.1 on the adopted

indices.

Relative infestation/damage indices are sometimes derived, with

reference to some known check genotypes included in the

i

of the ranks over the p variates for each entry, which gives what we

1 p
=

p

= Y,R„
j-t
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experiments, which are often averaged to give an Overall

Resistance/Susceptibility Index (ORSI) (Reddy 1985a & 1985b;

Ampofo et a!., 1986; Saxena, 1989).

Other approaches2.1.2.2

Graphical approach

The value of a graphical examination of a data set cannot be

overemphasised. With two variables, one can make a bivariate chart

of the data for visual examination of the configuration of the points

representing the genotypes. According to Chatfield and Collins (1980)

this is probably the best way of finding natural classes. Odulaja and

Nokoe (1993) presented a good example of a graphical method for

classifying varieties based on yield potential and yield loss due to

pests.

Sometimes, the groupings are obvious visually but yet difficult

to detect using a numeric approach like cluster analysis algorithms

(Marriott, 1974; Mardia et al., 1979; Chatfield & Collins, 1980). This

is particularly true when the clusters are curved or elongated. Most

clustering procedures are quite good at detecting spherically shaped

clusters but not so good at finding those of other shapes.

With higher dimensional data, graphical representation is

generally not convenient, except making all possible bivariate charts

(called the grand tour) and examining them (Rao, 1994). However,

one can raise the question whether the vectors of variables can be
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replaced by a few functions of the variables, preferably two or three,

without much loss of information. Attempts to do this have resulted

in numerous techniques, the most popular of which is the principal

component analysis (PCA) (Green, 1978; Krzanowski, 1979; Chatfield

& Collins, 1980; Chheda & Fatokun, 1982; Flury, 1984; Pla, 1991;

Souza & Sorrells, 1991; Oghiake & Odulaja, 1993a; Amaro, 1994).

The most common approach is to plot the principal components

(PCs), in pairs, or possibly in more than two dimensions, and examine

the scatter diagrams. Perhaps even more important, an examination

of the graphs can confirm or cast doubts on the existence of a

classification produced by other methods. The approach is perhaps

not emphasised in the literature and has not received much attention

in pest resistance studies, possibly because of the subjective element

involved.

Cluster analysis (CA)

Clustering methods classify a large number of observations into

cluster analysis (CA) and computer algorithms for implementing the

different methods of analysis (e.g. Friedman & Rubin, 1967; Gower,

1967; Marriott, 1971 & 1974; Scott & Symons, 1971; Sneath &

Sokal, 1973; Blashfield & Aldenderfer, 1978; Arnold, 1979; Milligan &

Cooper, 1985; Manly, 1986; Digby & Kempton, 1987; Kaufman &

Rousseeuw, 1990; Dagnelie & Merckx, 1991; Amaro, 1994; Rao,

1994, among others).

I

a few relatively homogeneous groups. There is extensive literature on
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The different cluster analysis methods fall into two families:

hierarchial or non-hierarchical. There are two methods of forming a

hierarchial classification. Whereas agglomerative methods initially

consider each of the n units as being a separate group and proceed by

repeatedly combining the two closest groups until only a single group

(of n units) remains, divisive methods operate by successive splitting

of groups, starting with one group of n individuals and finishing with n

groups of one individual each.

The non-hierarchical methods are iterative partitioning

techniques for finding a classification which will optimise a measure of

homogeneity within each cluster and heterogeneity between clusters.

The techniques usually involve a method of initiating a predetermined

number of clusters. Several methods of initiating clusters have been

proposed.

One major problem evident from the literature is that cluster

analysis partitions the entities whether or not there are natural

groupings (Arnold, 1979). Thus precautions must be taken to ensure

is not reporting artifacts. The precautions are difficult to take,

however, because clustering techniques were first developed in an

applied field (biological taxonomy) and are rarely accompanied by the

expected statistical clothing of significance tests, probability models,

or optimal procedures (Arnold, 1979). This calls for alternative

methods that have an element of hypothesis testing. However, some

that the user has "sharp differing, relatively homogeneous groups" and
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clustering algorithms use test statistics as stopping rules (Friedman &

Rubin, 1967; Marriott, 1971; Scott & Symons, 1971, Milligan &

Cooper, 1 985).

A few studies have employed some of these multivariate

statistical techniques for the classification of individuals into groups,

though not all directly involved with resistance to insect pests. For

example, Cornellius et at. (1993) suggested clustering techniques in

the process of selection, testing and identifying superior genotypes.

Oghiake & Odulaja (1993b) used the technique to classify cowpea

cultivars for resistance to Maruca testulalis. Binelli et al. (1 992) based

their method on canonical variate analysis to discriminate between

maize inbreds with regard to different aspects of resistance to stalk

rot. Principal component analysis has been employed to generate

uncorrelated variables which are then used in cluster analysis to

classify varieties and other test material (Chheda & Fatokun, 1982;

Smith, 1990; Pla, 1991; Souza & Sorrells, 1991; Amaro, 1994; Rao,

1994).

DISTRIBUTIONAL PROPERTIES OF RESISTANCE MEASURES2.2

The probability distribution of resistance measures should be

determined before any parametric statistical inference can be made.

Many authors have attempted to determine the probability distribution

of various resistance measures (e.g. Anscombe, 1949 & 1950; Bliss &

Fisher, 1953; McGuire eta!., 1957; Harcourt, 1963; Taylor, 1961 &

I
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1984; Widstrom et a!., 1971; Lynch er a/., 1980). For example, the

distribution of corn borer egg masses and larvae has been investigated

by Beall (1 940), McGuire er a/. (1 957) and Chiang & Hodson (1959),

among others. This distribution was reported to be best fitted by the

Poisson distribution, but shows a tendency towards contagion, or

aggregation, suggesting a negative binomial distribution.

While the Poisson distribution may be appropriate for insect

counts on varieties with similar resistance levels, the negative binomial

may be more realistic for counts obtained from varieties with varying

resistance levels. Other applications of the negative binomial to

biological data have been enumerated by Quenouille (1949) and Elliott

(1977).

The binomial distribution serves as an appropriate mathematical

model in a number of experimental situations. In the context of pest

damage, presence of an attribute, for example, dead heart, may take

this form.

When one has some indications of the distribution of a

population by probabilistic (theoretical) reasoning, practical experience,

or otherwise, it is often possible to fit such theoretical distributions to

frequency distributions obtained from a sample of the population. One

way of identifying the theoretical distribution to consider is by plotting

frequency distribution (histogram) of the data set which may provide
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information on the shape of the distribution involved. For bell-shaped

curves, the skewness and kurtosis may be computed.

Goodness-of-fit tests may be used to determine whether a set

of observed data conforms to a specified distribution. The testing

problem is essentially the same as deciding whether there are

significant differences between the assumed distribution and the

sample values.

An important significance test for goodness of fit of the

theoretical distribution, the chi-square test, determines whether the

observed and expected frequencies agree (at least approximately) or

not. Some general (nonparametric) goodness of fit tests formally

defined in the statistical literature may also be used. The Kolmogorov-

Smirnov test (Neave, 1981; Zar, 1 984; Mendell et al., 1 993) and the

Wilk-Shapiro's test (W) (Shapiro & Wilk, 1 965; Shapiro et al., 1 968;

Zar, 1984; Mendell et al., 1993) as well as the skewness and kurtosis

tests (Snedecor & Cochran, 1980; Mendell et al., 1993) are often

available in most statistical computing programs (SAS Institute Inc.,

1985).

When the data fails to fit a normal distribution, an appropriate

transformation may be used to convert it to data that is approximately

normal. For positively skewed data, the logarithmic transformation is

normally used while the square root transformation is used for

negatively skewed data (Southwood, 1978; Snedecor & Cochran,

1980; Sokal & Rolf, 1981; Gomez & Gomez, 1984, Zar, 1984). For
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proportions, which are usually highly skewed, the arcsine

transformation has been recommended (Snedecor & Cochran, 1980;

when multimodality is indicated as this may suggest a mixture of

distributions, which may individually be normal.

Very often, theoretical assumptions about the distribution of the

data are made and transformations based on these assumptions

applied. For instance, data on leaf damage scores has been assumed

to follow a Poisson distribution and a square root transformation

arcsine transformation has been applied to data on stem tunnelling and

dead hearts, since these measures are often presented as percentages

(Widstrom, 1967; Widstrom et a!., 1971; Chheda & Fatokun, 1982,

among others).

Validity of distributional assumptions of resistance measures may

require testing. This has been done by a few researchers before

effecting a transformation (e.g. Widstrom, 1967; Dagnelie & Merckx,

1991).

When fitting theoretical distributions to observed data, it has

often been assumed that a single distribution is involved. More than

one distribution may, in reality, characterise the population under

study. Situations may arise where the data may exhibit a composite

of distributions giving rise to a multimodal distribution. For example,

the normal mixture has been suggested as a possible distribution for

Gomez & Gomez, 1984; Zar, 1984). However, care must be taken

applied to normalise the scores (Mansur et a!., 1993). Likewise, the
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responses determined by a major gene in genetics research (Souza &

resistance was determined by the additive effects of several genes

(i.e. polygenic) or of many random environmental factors of equal

importance, then the expected distribution would be normal

(Falconer, 1 989). It has been severally demonstrated that the normal

distribution gives poor fits to genetically determined responses, and

reviewed by Everitt (1994). Such distributions are often considered

appropriate models for populations known to consist of a number of

relatively distinct subpopulations. Where the sub-population structure

is only suspected, finite mixture densities can be used as the basis for

cluster analysis and other investigations (Scott & Symons 1971;

Mendell, et a!., 1991 & 1 993). The approach will be adopted in this

study for the problem of classifying genotypes into resistance groups.

STUDY APPROACH2.3

The lack of adequate and sound statistical basis for varietal

selection using most of the conventional approaches has been clearly

revealed in the above review. Appropriate statistical methodologies

must therefore be employed to provide suitable evidence upon which

to base the classification and the subsequent decision to select a

particular group of genotypes.

that the normal mixture fits such data better. Other applications were

Sorrels, 1 991; Mendell et a/., 1 991 & 1 993). On the other hand, if
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This study addresses this issue by proposing appropriate

statistical procedures that will identify the optimum number of groups

and the position of cutpoints for classifying crop varieties.
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CHAPTER 3

METHODOLOGY

Introduction

Most existing classification procedures use a predetermined

classifications from the observed variation in the data. In this chapter,

approaches and procedures for solving the classification problem that

take into account the inherent variation in the data are proposed. The

general approach is based on goodness-of-fit tests for determination of

optimum classification, in form of number of classes and the position

of the cutpoints. Existing, modified and newly developed approaches

will be illustrated using real problem data and some simulation studies.

3.1 UNIVARIATE PROCEDURES

3.1.1 Graphical procedure

Description3.1.1.1

Let Y be some measure of resistance, and yf be the mean value

for entry i (i - 1 ,...,n). When the data consists of an unstructured

single set of means with a standard error s, there is no prior pattern

except the null one, EfYJ = E(Yj) V i and j, that the entries are not

significantly different. Possible posterior patterns would include:

the means are a sample from a normal distribution but with aa)

variance greater than s2;

number of classes. Our interest in this study lies in deriving the
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the means divide into two or more groups which may be samplesb)

from normal distributions, i.e. E(Yj) 7* E(Yj) for some i 5^ j.

One way of investigating the possibility of a mixture of distributions or

any grouping of the entries, as implied by (b), is to plot the ordered

statistics in a sample of the same size from a standard normal

distribution (z, ,z

ranked mean values on a normal probability paper (Plackett, 1971;

Perry, 1986). As an alternative, the means may be arranged in rank

order and plotted against the corresponding normal scores tabulated

by Fisher and Yates (1963). The normal scores, which are

approximations to the exact expected order statistics for the normal

distribution, are computed from the ranks using the formula

x,. = 4r(r, -3/8)/(n + 1/4) ,

(3.1)

where x. is the normal score for entry i,

is the inverse cumulative normal (probit) function,

is the rank for entry i, and<i

is the number of entries ranked.n

On the same graph, the line

2 ,..., zn). This can be achieved by plotting the

means (yv y2, ..., yn) against the expected values of the order
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y

(3.2

is drawn, where s is the pooled standard error of the estimated

the line (equation (3.2)) as a reference.

straight line, and for the null hypothesis this line is given by equation

(3.2). A sharp deviation from the straight line, which suggests

patterns of type (b), is enough evidence for grouping the means into

different classes. After the grouping, each class may be replotted

using the corresponding normal scores determined by the number of

entries in the class. No attempt, however, should be made to further

subdivide the class when the slope approximates that of the base line

in equation (3.2).

Optimum number of groups3.1.1.2

The graphical procedure described above has hitherto been used

differences indicated by F-ratios in ANOVA, but not to determine the

the normal score plots may give a clue as to the likely number of

groups in the data set. This can be achieved by examining the points

For patterns of type (a) the points should lie approximately on a

means. The plot is then inspected for any possible groupings using

as an alternative to multiple range tests, in the interpretation of

optimum number of groups. We here propose that visual inspection q

y + sx , where y = - £
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expected values (x-axis) facilitated by the line given by equation (3.2).

The number of such points is the likely optimum number of groups in

may require verification by other methods using test statistics.

Cluster analysis3.1.2

Description3.1.2.1

Another approach is to consider the classification as a clustering

problem in one dimension. We investigate the possibility of using

univariate clustering methods by adopting the analogues of the

multivariate criteria. In this procedure, entries are assigned to clusters

so as to minimise the differences within clusters. We define the

between entries i and j by

= U - ?,-) .

(3.3)

and use some clustering algorithms to group together entries whose

distances do not differ from some critical value defined by an

appropriate criterion. Some standard algorithms for minimising the

sum of squared deviations from the cluster means in the univariate

application may be used. The focus in the current study is on iterative

partition (non-hierarchical) methods which divide the observations into

clusters such that every observation belongs to one and only one

cluster.

^ij

distance, dijz

the data set. However, such an inspection could be subjective, and
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Inferences based on clustering techniques may require further

investigation using significance tests.

3.1.2.2 Optimum number of groups

Several suggestions have been made in the literature for

determining 'natural' number of clusters in the data set (Marriott,

1971; Scott & Symons, 1971; Milligan & Cooper, 1 985; Dagnelie &

Merckx, 1991; among others). Various statistics have also been

suggested. In this study, two of them which have been shown to be

among the best (SAS Institute Inc., 1987) will be used. These are the

Pseudo-F (PF) (Calinski & Harabasz, 1974) and the cubic clustering

criterion (CCC) (Sarle, 1983) which are respectively computed as:

PF

(3.4;

InCCC 1.2

(3.51

where R2 is the proportion of variance accounted for by the clusters

and its expected value, E(R2), is determined under the assumption that

the data have been sampled from a uniform distribution. The

parameter P is an estimate of the dimensionality of the between

cluster variation. Milligan and Cooper (1985) have chosen the

i

(1 -R2)l(n-S)

constant terms on the basis of extensive simulation studies.

'l -E(R2)
K 1 -R2 J [0.001 + E(R2)]
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Plotting values of the statistics against g values and considering

the common peak(s) to the statistics will facilitate the identification.

Hypothesis testing and test statistics3.1.3

3.1.3.1 Description

One way of approaching the classification problem is to rephrase it

hypothesis testing problem (Nabasirye, et a!., 1993b). Theas a

procedure involves formulating hypotheses in form of classification

models and using appropriate test statistics which measure the

"goodness of fit" of each model to identify the most plausible model

based on the observed data. We hereby develop such classification

models and propose methods of testing the corresponding hypotheses.

A classification procedure can be defined in terms of a function,

G(y), that allocates entries to various classes based on the

classification variate. If, for example, insect count is the variable of

interest, a perfect classification procedure, when two classes are

considered, is one that assigns entries with counts less than or equal

to C, say, to the relatively resistant class and assigns the rest to the

susceptible class. That is

= 0 for y < CG(y) (3.6a)

= 1 for yG(y) C (3.6b)

where 0 represents a resistant class and 1 a susceptible class of

entries. Such a classification into two classes has a wide application

in crop varietal selection (Curnow, 1961).
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~:s can further be extended to a classification into three classes.

z- represent highly resistant, moderately resistant and

■= entries, withs _ s c e

3 • (3.7e= 1 for y < C-

3 v (3.7k= 2 for C-

3 v (3.7c

rther extension could be made to more than three groups. The

etc. which define the class

3.1.3.2 Formulation of hypotheses

Classification via hypothesis testing can be achieved by examining

_et be some variable which can be used to classify theentries.

entries intc at least two groups and y be the mean value for entry /

considered tc be equal.

For the purpose of classification into various groups, the problem,

after ranking the mean values in ascending order, reduces to testing

models as in Section 3,1.3.1.

\station: it should be noted that Hv as defined below, is the null

The subscript 1 is meant

I

- . cothesis conventionally denoted by Ho.

emblem s now tc fix C or C- and C2,

Y < C2

the fc lev. ng hypotheses corresponding to different appropriate

:= ~ . 2. .... r . i he aim is to test whether the class means can be

= 3 for y > C2

the differences between the hypothesised groups. Consider a set of r

.limits. 7/e propose one approach based on hypothesis testing.
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depict the 1-group model. Likewise Hg will refer to the g-group model.

(a) 1 -group model,

P

: E(y() = Ji (i = 1,2 n)

(b) 2-group model,

i <. r= Pa>

i > rPz»

(c) 3-group model,

<

: E(Y) i z sPc>

s < i s t= Pd’

i > tP,>

(d) n-group (maximal) model,

Pi

i = 1,2  nP/>

Ps*1 =•••= PrPl = •■• = Ps

Pr+1 =-= Pn

: = n2 =...=

7/2

^3

Hn < P2 P„

Pl =-= Pr <

< Pm =•■•= P„
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3.1.3.3 Testing the hypotheses

For Classification into two groups, we test H1 against H2. We

test H, against Hg for classification into g groups. The parameters of

the models (e.g. pa and p,

determined by the cutpoint(s) (e.g. r, for the 2-group model), are

unknown. The aim then is to estimate and test some hypotheses

about these cutpoints. In general, for classification into g groups (g-

group model), we need to estimate and test hypotheses about g-1

cutpoints.

Two test statistics will provide a measure of how well a given

model describes the given data set. The quasi bayesian statistic of

Chernoff and Zacks (1964) will be used to classify entries into 2

groups, while the likelihood ratio test statistic will be used for two or

more groups.

Assumptions: In addition to normality, the hypothesis testing

procedures will assume equal groups variances, which may be

unknown.

Quasi Bayesian Test (QBT) statistic3.1.3.3.1

We begin with the mean values for the entries, yiz ranked in

ascending order and we consider the standardised residual of yi+1 fro^

Fb, in the 2-group model), which are in turn

the mean of yi,...,yn( obtained as
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(3.8)

Under H1z the recursive residuals z,,.are independent standard

normal random variables (Sen & Srivastava, 1975). With the

assumption that the cutpoint, r, has a uniform prior distribution over

{1,...,n} (that is, there is an equal chance for the cutpoint to be placed

between any two ranked entries), Chernoff and Zacks (1964) gave

QBTr rZ; >

(3.9)

where Zj is the recursive residual defined in equation (3.8). An

equivalent but more convenient test statistic is given by:

y

(3.10)

The distribution of the statistic is trivial (normal distribution).

It is required to compute values of the QBT statistic for all

possible groupings into two (g = 2). The grouping with the minimum

value is considered optimal. That is, the grouping that gives the

minimum value of the statistic provides the best classification of the

entries into two resistance groups representing relatively resistant and

susceptible groups.

E " T) >

= [i/G-i)]1/2 (yi+1 -y). 0=1......«-i).
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3.1.3.3.2 Likelihood ratio test (LRT) statistic

Likelihood function

Suppose a population has a probability density function,

denoted by f(y,0), with a population parameter 9, to be estimated by

sample statistic. Assuming there are n independent observations ylr

called the likelihood (function), is

L = f(y1,0)f(y2,0)...f(yn,0) (3.1 1

distribution with mean p and variance o2, the joint likelihood is given

by

L exp

(3.1 2

Estimators of the parameters which maximise the likelihood or.

equivalently, the log-likelihood function can be obtained.

Model adequacy

The adequacy of a model is defined relative to a maximal mode

which has the same number of parameters as the

entries and so provides a complete description of the data. That is, 6

parameter vector of length g with g < n, (g — 1, 2,..., n-1). That is

Hn,

= [jju //2,...,pn]T. We compare this with another model specified by a

1
(2k a2)"'2

(>g = UA......A/-

Yn' the joint density function for these observations, which is

For example if observations yv y2, ..., yn are drawn from the normal
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Notation

Denote the likelihood function for model g, L(0g;y), by Lg and the

corresponding log likelihood function evaluated at the maximum

In terms of the likelihood function, the model adequately

equivalently log A = ln - lg, as a measure of goodness of fit. Large

values of log A provide evidence for inadequacy of the g-parameter

model for the data.

Log-likelihood ratio statistic

We define the statistic

(3.13)= 2 log A = 2 (ln - lg)

This statistic is often referred to as the (scaled) deviance (Dobson,

1 983). It can be shown that

if the model is adequate, where/2m is the central chi-square

In this case, Dg has a non-central

chi-squared distribution.

using the difference of the log-likelihood

ratio statistics

2
Xn-g >

suggests using the generalised likelihood ratio statistic, A = Ln/Lg, or

= Uv

likelihood estimator for model g by lg.

DS

describes the data if Lg

Dg

will be larger than predicted by.

distribution with m degrees of freedom. If the model is inadequate, Dg

We test H, against H2,

or otherwise when Lg < < Ln. This
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= 2(Z2-M •D

(3.14

If both models H,: 6' = 0y; and H2: 9" = (0V 92) each describe the

= (6

D

If the observed value of D is in the critical region (i.e. greater

distribution) then we

indicating that the 2-group model

provides a significantly better description of the data (even though it

may not completely describe the data, as does the maximal model).

To evaluate the statistic, we assume that resistance variates y,.

o2. Then the log likelihood function is

I

(3.15

For the maximal model, E(Yj) = p,, i = 1 ,...,n; and the estimate of p is

= y-rF,-

(3.16

I

1
2a2

• ••, yn

j,...,0n), then

2) ■

are independent and normally distributed with common variance

data as adequately as Hn: 0|n)

Z)1 _O2

Z>1 D2

would reject H, in favour of H2,

- log(2n a

= 2(^2-^) - X2! •

than the upper tail 1 00(1 -a)% point of the z2.

Ely,- E(y,) ]2 
i-1
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Therefore

log (A) = I

(3.17)

Considering model H,: E(Yj) = p for all i, the estimate of p is

(3.18)

Therefore

(3.19)

Thus, from equation (3.13),

(3.20)

distribution. The

statistics corresponding to Hv H2 and Hg are summarised in Table 3.1.

It can easily be shown that

(„/2a2)(y,-72)2 .

However, this cannot be used to test H2 directly if o2 is unknown.

2
Xn-1 "

2)

-

- -2t(y,-y)2' 
O i=1

1 n
—2 E(y.- £i)2 - log(27ic

D.

ly

D,

Otherwise, for example, if the means of the y/s are heterogeneous, D,

o2).1
2<j2

will be larger than the expected from the x2,,.,

£(yr y)2 - £iog(2*
i=1 4

- log(27ru2) , since p. = yr

M- = y •
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This variance may be estimated by the pooled sample variance,

(3.21)

Hence from equation (3.14) and the subsequent expressions, given

that both models are adequate,

(3.22)

If H, is not true, D, has a non-central chi-square distribution so

that f has a non-central F distribution. Therefore, values of the

statistic f which are large compared to F

evidence leading to the rejection of Hv Similarly, for the 3-group

model we have

(3.23)

and the corresponding F-statistic is given by

(3.24)

In general for the g-group model, the aim is to determine whether the

i

2
~ X n-3 ■

{D, -D3)/2
D^n-3)

(£>i-£>2)/1
D2l(n-2)

S2

groups represent different resistance levels, estimate the groups mean

^2, n-3 •

^1,n-2 >

J k

o2D2 
n-2

T;)2 
n-2

1n.2 distribution provide

where Fjk is the F distribution with j and k degrees of freedom.
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statistic is

(3.2E

Maximisation of the F-statistic provides the optimum classification

with the assumed number of groups.

The LRT statistics may be obtained by running a one-way

ANOVA to generate values of the total, between and within groups,

sum of squares. Using the notation above, we construct the ANOVA

table as shown in Table 3.2.

Table 3.2 One way analysis variance table.

d.f. SS MSSource F

f'(D.-DglAg-Dg-1Groups

Dg/(n-g)Error n-g

D,n-1Total

f* is given by equation (3.25).

entries into a given value of g classes (g “2.,...,Z7-1) must be

Dgl(n-g)

To use the procedure, all possible ways of arranging the n

D,-Dg

p 
g-^.n-g ‘

Dg

resistance levels and test whether they differ significantly. The F-



47

considered. The grouping that minimises the within groups variance,

and thus maximises the observed between groups variance or their

functions, (eg. the corresponding F-value and R2) provides the best

classification of the entries into g groups. In other words, the

grouping with the largest F-value, which essentially maximises

differences among the various groups, provides the best evidence for

rejecting the 1-group model in favour of g groups.

Optimum number of groups3.1.3.4

The reduction in variance due to the partitioning into g groups

may be used to determine the optimal number of groups. One

statistic, g2W (where W is the within groups sum of squares and cross

products (SSCP) matrix), suggested by various authors (eg. Friedman

& Rubin, 1967) for multivariate situations will be adopted. The

univariate analogue of the statistic, using the notation above, is g2Dg.

However, it is preferred to use g2Dg/(n-g) which takes into

consideration the varying degrees of freedom with changing values of

g (it may make little difference when n is very large). The minimum

value of the statistic (g2 x within groups mean squares = g2w)

indicates the optimum partition. Thus we take the value of g which

minimises g2w to be the optimum number of groups.

Furthermore, the choice between g-1 or g groups (g = 2,3,...)

may be made using the F-ratio comparing the reduction in within

groups variation when the g-1 groups model is adopted against the g

I
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groups model. That is,

(3.2

where Dj is the within groups SS for the 'best' partition into /groups

(/ —2,...) as determined above. Non-significance of the statistic

implies the g-1 groups model is adequate, or rather the g groups

model is not significantly better than the g-~\ groups model.

A plot of the LRT statistic for the two-group model may indica

the number of groups. However, procedures for determining the

unknown.

3.2 MULTIVARIATE PROCEDURES

There may be, and usually is, need to simultaneously consider

several measures collected on each entry in grouping them. Groupin

using individual variables may result in conflicting signals as to the

relative status of the entries. Moreover, the variables may not be

and is the purpose of this section, to consider multivariate procedure

for classifying entries into resistance groups.

The multivariate selection problem3.2.0

each entry, the

optimum number of groups using the quasi bayesian statistic are

Given p different resistance traits measured on

- D8 

Dgl(n-g) FU-g

exerting independent influence on the entries. It is therefore essentij
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problem is how to select the best entries with respect to all the p

negative correlations among different traits. We need to select n of

the N entries so as to jointly optimise, the measures of the p traits in

with respect to one or more of the traits can, to an extent,

compensate for, but not overrule, weaknesses with respect to the

other traits.

If the variates are highly positively linearly correlated, then

classification for a specific variate will yield reasonable classification

for the other variates and the univariate approach will suffice.

The main interest centres on the mean vector and its covariance

matrix. The number and position of boundaries clearly will depend on

the covariance matrix. Whereas too many classes would provide too

fine a classification, too few would leave much structure unrevealed.

Therefore, there has to be a criterion for determining the optimum

classification.

3.2.1 Classification using the indices

This study considers some three indices that have been

proposed by different authors for selection for resistance to insect

pests. These are the Rank Summation Index (RSI), Smith-Hazel index

(SHI) and (Dobie's) Index of susceptibility (I). Expressions for the

traits combined. This problem becomes more acute when there are

the selected entries. The desired selection is one in which excellence

indices were given in Section 2.1.2. The three indices will serve as



50

standards, where appropriate, for comparative purposes in this study

each of the indices.

3.2.2 Alternative approach

A better approach to index construction should ensure that

variables that are highly correlated are not given excessive weight. I

this section, we propose and adopt multivariate methods that utilise

the inherent relationships between resistance measures for

multivariate-based classification.

3.2.2.1 Non-significantly correlated variables

Suppose there are two resistance measures, X- and X2. The

correlation coefficient r ~ 0 between X: and X2 indicates no linear

relationship between the variables. We propose a linear index that

gives equal weights to both measures.

Since measures are made on different scales, it is necessary itc

standardise them so that any particular measure does not dominate

the index and thus the subsequent classification. If the measuremen

on X- are w times as variable as those on X., we might consider

ranking entries cn the basis cf the index wX. — X2 or equivalently, >

- X- w. Often, each measure is weighted by its standard deviation

achieve the same objective while z-scores may also be used.
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Significantly correlated variables3.2.2.2

On the other hand, X, and X2 may be significantly correlated.

± 1 occurs when the two variables are measuring

essentially the same (or opposite) quality. In these situations, if the

can be used to

(3.27)with Wj = 0 or 1.

For r

representing the relative economic importance of the variables.

In real situations, a wide range of values are possible and the

choice of weights for the various traits included in the indices

becomes crucial. We consider Principal component analysis as an

objective alternative for construction of indices that utilises the

inherent intercorrelations among resistance measures.

Principal component analysis (PCA)

The PCA may be used to construct indices based on

combinations of the variables so that a substantial amount of the

variation in the data is accounted for as concisely as possible.

The objective is to take p variables Xv X

combinations of these to produce uncorrelated indices, Z,, Z

This lack of correlation is

2» ■■■' ^p-

classify the entries. That is, classification based on Xi suffices for X2

correlation is positive, any of the variables, Xt or X2,

one variable is assigned weight 1 while the other gets 0. That is,

a useful property because it means that the

For example, r ~

~ -1, Wj has to be based on some other criterion, possibly

+ W2X2,

2, ..., Xp and obtain

I = W,X,

as well. In terms of indices, this in effect is a linear index in which
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Graphical technique3.2.3.1

The reduction in dimensions afforded by PCA can facilitate

graphical procedures. Thus if the first two PCs explain a large

proportion of the total variance, we can plot the scores on these two

components for each entry and visually observe any possible

groupings. Such plots can augment the other classification

procedures.

If more than two components are needed, other classification

approaches may be required.

3.2.3.2 Cluster analysis

A similar procedure to the one discussed in Section 3.1 may be

used on a p-dimensional set of data. This may be performed on

standardised variables if the original measures have different scales or

on the few PCs identified using PCA. Disjoint (discrete) cluster

computed from the p variables as

(3.28)

is the squared Euclidean distance between entries z and j, y,

is a p-vector of means for entry 7.

E Kyu-y/*)2] .
A-=1

d-2 v

analysis may be performed based on Euclidean distances (dj,)

where d2.
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3.2.3.3 Likelihood ratio test statistic

We assume that the n entries are drawn independently from

mixture of multivariate normal distributions. Let v be an unknown

parameter vector with n components, where the 7th component

indicates the distribution from which the 7th entry

classification problem, it is required to group together the observaiti

from the same distribution.

Classification models

Let the sample consist of n observations Y = (y1z ..., yn) whi

Yi represents measurements on p characteristics. Suppose that the

observations are independent and that each may arise from any on<

g possible p-variate normal distributions with means and

covariance matrices Cv..,, Cg.

The joint distribution of Xis completely determined by C=

(j = 1, ..., g) and the grouping or classification parameter v = (vu ..

vn), where v; takes on values 1,...,g; g being the number of groups.

Denoting the collection of all the parameters by

= O’. Pl..... P*. Cy,...,Cg) ,e

(3.

the fundamental question of whether there are more than one groin

which suggests g distinct groups. That is,

was drawn. In tl

can be considered as a test of the null hypothesis, H1( against Hg
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(a) the 1-group model,

G, = (J, CH, :

: v, =

(b) the g-group model,

C,...... Cg)

: V; = j, j =

The log likelihood function, l(0) is given by

0.7" Hy)Z(0) +
L Mi

(3.30)

Mj is the set {yj assigned to /th group by v,where

Estimation of model parameters

The classification problem is to estimate and test hypotheses

the ordinary ML estimates of g- and C;. The estimate of pj( regardless

of the assumption about Cjf is

| Cj | denotes the determinant of Cj.

Gg = (Z/1........Pg,

into g groups, Mv.

Hg =

1 s

7=1

= vn

T C~ '■'j nj log I c7| ,

about v and hence the groups M1f...,Mg. For a given partition of Y

Hj is number of observations in Mjf and

..,Mg, the likelihood is maximised by substituting
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(3

that is, the mean of the n, observations in group M When this isj-

substituted for p in the log likelihood expression in (3.30) it follow

that the ML estimate of

(3.

with respect to C,, where

If it is assumed that the dispersion matrix C is equal for all the g

groups, i.e. C, = C (j = 1,..,g), then the expression (3.32) reduces t(

n-(VFC"1) w

(3.:

W is the pooled within groups sum of squares and cross products

(SSCP) matrix. The ML estimate of C for fixed v is equal to W/n. C

substitution in expression (3.30) it follows that the optimal subdivis
'i

is given by the grouping that minimises | W | . This is a widely use;

criterion, originally suggested by Friedman and Rubin (1967). It has

been found to work well in several empirical studies (Marriott, 1971'

1974; Scott & symons, 1971; Arnold, 1979). Techniques that

2 
n

^(yy-y^y-yj) ■

£ trlWjC-/)
j='

8

■

j-'

v can be obtained by minimising

n log|C|,

+ ny log|C.|] ,
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purpose, where T is the total scatter matrix given by

(3.34)

Manly (1986) suggested a function of this statistic given by

4>

(3.35)

number of entries,where n

number of variables (traits),P

number of groups,g

|T| = determinant of the total SSCP matrix, and

|w| = determinant of the within groups SSCP matrix.

Matrices T and W

Let

/th group,

denote the mean of Xk in the same group, and

denote the overall mean of Xk for all data combined.

Then the element in row r and column c of T is

ft

xk

denote the value of variable Xk for the /th individual in the

maximise the ratio of determinants ( | T | /1 W |), have served the same

Xjk

X-LIJK

n-A-^p-g)} log(\T\/\W|) ,

This statistic can be tested for significance by comparison with /2p(g,1).

t = ZCy.-j/Cy,-?) •
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(3-

The element in the rth row and cth column of W is

(3.

The test based on <p involves the assumption that the distribution O'

the p variables is multivariate normal, with a constant within group

covariance matrix. It is probably a fairly robust test in the sense tlh:

moderate deviations from this assumption do not unduly affect the

characteristics of the test (Manly, 1 986).

If the assumption that the dispersion matrix C is equal for alll

g groups is invalid, i.e. the covariance matrices are not equal, then

their ML estimates are given by Wj/nj for j= 1 which can be

substituted in expression (3.33) above. In this case

the optimal grouping minimises

*i

(3..

Computational procedures

Given a set of ungrouped data, we could consider all possible

arrangements into g groups. Whereas it is easy to order (rank)1

s

J-1

- Xjr^Xijr- Xjc) ■Wrc

'ijr - XrXXijr~ XJ ■
8 nJ 

=
y' = 1 i=1

frc

8 nJ

= EE(^ 
y'=1 i = 1
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univariate observations, there is usually no natural basis for ordering

multivariate data. It is impractical to search for all possible groupings

as the rankings within variables may not be the same. Groupings of

the entries may be based on the first PC as it carries maximal

variance, after which the necessary statistics are computed for each

of the groups.

The approach requires estimation, by maximum likelihood, of

the p means, p variances and p(p-1)/2 covariances of the

hypothesised groups and obtaining the value of the test statistic. A

one-way multivariate ANOVA can be carried out in the usual way to

give matrices of estimated variances and covariances within and

between groups (Table 3.3).

Table 3.3 Multivariate analysis of variance table.

Source d.f dispersion matrix

Between groups g-1 B

Within groups Wn-g

Total n-1 T

groups in the population, a suitable test statistic for differences
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the data. An easy way of doing so is by using the first k PCs in the

procedure. The value of k should be large enough to include virtually

all the information in the original data.

Optimum number of groups3.2.4

It is intuitively obvious that if the data are drawn from a

population which is strongly clustered around a small number of

modes, the optimal subdivision into the same number of groups will

produce a large reduction in | W | . If the underlying population is

unimodal, or uniform, the reduction is much smaller.

An optimal subdivision of a uniform distribution into g groups

reduces |w| by a factor g2 (Marriot, 1971). A strongly multimodal

distribution will reduce | W | much more than this when it is

appropriately divided, while most ordinary unimodal distributions will

give less reduction. We propose that the best approach to the

problem is probably to plot g21 W | against g. If the graph decreases

steadily, there is no indication of any grouping, but if for one value of

when there is a marked drop in the statistic), it suggests that this

corresponds to an optimal grouping. Alternatively we may obtain

similar information by tabulating the values of the statistic for different

be regarded as a single group, showing no evidence of being

g the value of g2 | W | falls well below the neighbouring values (i.e.

values of g and pick the last to decrease, if there is any. If

g2 | W | / | T | is > 1 for all possible subdivisions, the distribution will
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composite. Milligan & Cooper (1985) examined various functions

the | W | statistic in determining the optimal number of groups in

hierarchical cluster analysis and found that they gave fairly good

results in empirical applications.

3.3 COMPARISON OF PROCEDURES

It is necessary to develop a criterion for comparing the propc

procedures as well as the performance of the three indices include:

the study. The usually employed Smith's (1 936) criterion is based

the average gain expected from use of a selection index (Williams,

1962; Harris, 1964). It involves at least 2 selection cycles to

estimate the observed gain and compare it with the expected gain.

However, this criterion does not apply if the program under study c

not involve repeated selections from the same population.

The classification procedures described in this Chapter may t

compared by simulating known groups in data sets and determinin:

the power of the procedures at recognising the groups. Real prob’-:

data may also serve this purpose to a lesser degree. In Chapter 5,

and simulated data.

illustrate the procedures and some existing approach using both re=



CHAPTER 4

DATA SETS AND THEIR PROPERTIES

REAL DATA4.1

Description of real data4.1.1

Two groups of real problem data were examined. The first

group comprises field data from a series of experiments on maize

breeding for resistance to Chilo partellus in a study conducted at the

Mbita Point Field Station (MPFS) and Ungoye Field Site (UFS) of the

ICIPE on the shores of Lake Victoria in Western Kenya. There are

three sets in this group as described below:

(a) Set A consists of 51 entries comprising 6 inbred lines and all

possible single crosses derived from them, namely 1 5 main

crosses (F^), 15 reciprocal crosses (F1s) and 15 F2s, evaluated

in two environments.

(b) Set B consists of 7 open-pollinated maize populations and all

possible crosses among them (21 main crosses, 21 reciprocal

crosses) and 6 local varieties, to give a total of 55 entries that

were evaluated in two environments.

(c) Set C consists of 39 local unselected Kenya open-pollinated

maize populations evaluated in three environments.

Trials in this group were carried out in randomised complete blocks

with three replicates. The three sets of data were earlier described by

Ajala and Saxena (1994). One of the major objectives of these
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experiments was to determine the potential of the open-pollinated

sources of resistance as candidates for recurrent selection aimed 2

improving levels of resistance to the stem borer and also for good

agronomic qualities including yield (Ajala, 1 993).

In these experiments, single- and multiple-row plots were

planted. A row was divided into two equal parts. At 3 weeks ahts

emergence, plants in one half of the rows were artificially infested

with egg batches of C. partellus, reared on artificial diet in the

laboratory, containing about 30-40 eggs at the black-head stage.

second half of the row (uninfested) served as the control.

Measures obtained on each entry include foliar damage ratin:

deadheart and stem tunnelling as damage variables, and grain yield

both the infested and control. Leaf foliar (LF) damage, observed a:

four weeks after infestation, was scored on a 1-9 scale rating (1 =

visible damage, 9 = severe damage). Deadheart (DH) is the

proportion of plants showing deadhearts in a plot. Stem tunnellinoi

(ST) was estimated at harvest by splitting each plant longitudinally

measure the stem length tunnelled and this was expressed as a

percentage of the plant height.

The second group comprises data from laboratory assessed
%

susceptibilities of 77 maize varieties to Sitophilus zeamais (set D).

Data on number of adults (N), time to 50% emergence (T) (estima:

from the middle of the oviposition period to the emergence of Soo­

the F, generation) and weight loss (WL), in form of means was

h
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available for analysis. In addition to these variables, Dobie's index of

susceptibility is based on the assumption that the more F, progeny

and the shorter the duration of development, the more suitable the

index.

Empirical distribution of data4.1.2

Given a set of data, the first step was determination of its

underlying distribution and application of appropriate transformations,

where necessary. PROC CHART and UNIVARIATE, with NORMAL

option, in SAS (SAS Institute Inc., 1985) were used to construct

histograms and test for normality (using the Wilk-Shapiro's test (W)),

respectively.

Leaf foliar (LF) damage

Departure from normality was observed for LF in data set A in

which the variable exhibited positive skewness (Fig 4.1a). Normality

lognormal distribution for the variable. The tabulated data on this

variable in data sets B and C showed a good approximation to

normality (e.g. Fig 4.1b).

was achieved by the logarithmic transformation which implied a

grain is as a host. Hence, the more susceptible varieties have a higher

susceptibility (I) was obtained as: I = ln(N)*100/T. Dobie's index of
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Deadheart (PH)

No realistic normal approximation to the data

this variable in any of the data sets (e.g. Fig 4.1c). DH showed hi:

skewed distributions, had a wide range of values, with a concentre

Application of the square root transformation to data set Eat zero.

resulted into a distribution that approached normality. Virtually no

improvement resulted from power and arcsine transformations on t

had zero values, gave fairly good approximations to the normal

distribution, suggesting a possibility of distribution mixtures. In eff

the remaining (non-zero) values would be measuring severity

(intensity) of DH. To avoid omitting varying levels of this variable I

the test entries, the variable was regarded as discrete (which is the

case before the number of plants with the attribute is expressed as

percentage of the total number of plants in the plot) and scored as

were a few groups, defined by, for example,

score = 0 for x = 0 (no DHs)

1 for 0 < x < 15

2 for 15 < x < 25

etc.,

where x is the observed percentage of plants with deadhearts. Me

of the scores obtained were then used in subsequent analyses.

was indicated’

variable in the other data sets. Exclusion of cases where all replica



67

Stem tunnelling (ST)

Data on stem tunnelling generally exhibited some positive

well to data in sets A and B, to which the logarithmic transformation

was applied with good results. For data in set C the arcsine

transformation achieved normality.

Discussion on observed distributions

The normal approximation obtained for the LF damage data is

due to the fact that each plant was scored individually and a mean

score for the plot was then computed. Using the Central Limit

Theorem (CLT), when n is large, the distribution of the mean tends to

normality, regardless of the distribution of the individual scores.

ST, on the other hand involves a ratio of two varying measures

of the stem (tunnel length and stem length (plant height)). If the

tunnel length is the same for a set of plants, the length of the stem

may vary with different plants resulting in ST being inversely

proportional to the length of the stem. Multiplicative variables are

usually normalised by taking the logarithms of the variates. DH,

also measured as a percentage, has a constant denominator (total

number of plants in a plot) for all entries. Therefore the differences in

number of plants with the attribute among entries will be relatively

maintained when converted to percentages. Perhaps this explains the

differences in distributions of ST and DH.

skewness (e.g. Fig 4.1d). However, a lognormal distribution fitted
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Results of these empirical distributions of the variables reve.

the dangers in applying transformations to data without prior stud-

the underlying distributions. Often the arcsine (and square root, in

special cases) transformation is applied to such data. Scores as th

for LF are frequently transformed to the square root scale.

4.1.3 Analysis of variance

A mixed model, represented in equation (2.3) was assumed.

PROC ANOVA, with the MEANS option, of SAS was used for the

analysis of variance (combined across environments) and the

estimation of entry means and the respective standard errors. Res

of ANOVA performed on different variables, or the appropriate

A and C showed significant differences for the three damage

measures (Tables 4.1a & c). The GxE interaction was significant f

Entries in data set B did not show any differences in LF (TaC-LF.

4.1b).

transformation, are summarised in Tables 4.1 a-c. Entries in data
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Analysis of variance summary for data set A.Table 4.1 a

Mean Squares

'DH + ST+ LFSource d.f

125.93'"18.88'"1.93Env (E) 1

0.07Rep(R) 0.34 0.234

2.36' 0.70"0.28'"Genotypes (G) 50

0.28G x E 50 0.08 1.32

Error 200 0.06 0.93 0.22

cv 15.1 1 87.99 17.60

Variance component (G) 28.37 4.47 5.53

+ x — ln(x + 1), 'x = x, coded as 0-4

p < 0.05, 0.01 and 0.001, respectively.

I
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Table 4.1 b Analysis of variance summary for data set B.

Mean Squares

Source d.f 'ST-LF -'DH

Env (E) 1 40.77 24.450.0 i

Rep(R) 4 7.3316.87 0.14

Genotypes (G) O.25‘54 0.12"'1.26

G x E 54 0.94 0.06 0.19

Error 216 1.00 0.04 0.14

23.64 13.63CV 19.19

3.63Variance component (G> 2.64 2.62

'X = In(x-r 1), ~~X = x (X + 1 >, .

*, ", "‘ = p < 0.05, 0.01 and 0.001, respectively.
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Analysis of variance summary for data set C.Table 4.1 c

Mean Squares

"ST'DHLFd.fSource

835.8728.7725.142Env (E)

202.866.0114.476Rep(R)

2.41 ‘ 38.54’1.87”Genotypes (G) 38

27.532.15’ 0.7976G x E

25.200.78228 1.41Error

22.9167.1922.12CV

3.29Variance component (G) 1.39 9.77

’x — x, coded as 0-4, "x = arcsin(Vx).

0.05, 0.01 and 0.001, respectively.P
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4.1.4 Correlations among variables

A study of the linear relationships between traits was carrie

out. PROC CORR of SAS was used to compute and test for

significance of the correlations between pairs of damage variables

While data sets A and D have some highly correlated variables, da

set B has noncorrelated variables, and set C has fairly low correlat

variables (see Table 4.2).

4.1.5 Comment on real data

The data sets included in this study represent a range of

sources of variation that occur in practical situations. These inchu:

distribution pattern, mean, variance and covariance structure, size

data and/or number of entries (n), number of resistance groups (g)

size of each group (s) and the linear relationships among traits (r),

These are inherent characteristics of the data which the investigat

has no control of. Application of the classification procedures to t

data will identify characteristics in the data responsible for differer

in their performance.
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Table 4.2 Correlations among damage variables in the different

data sets.

Group I DHLF ST

0.563’"DH

Data set A
0.771 ”’ 0.71 6’"ST

DH

Data set B
ST 0.005ns

DH 0.305ns

Data set C
0.456’ST

Group II N T WL

-0.412’"T

Data set D
0.943’" 0.441 ’"WL

= p <0.05, 0.01, 0.001, respectively, 

ns = not significant.

-0.301 ns

-0.101ns

0.001 ns
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4.2 SIMULATED DATA

as well as correlations/covariances in multivariate cases. The

following functions were used for this purpose:

X a

2Y Z2 ,

where X and Y are the generated variables, Zq and Z2 are indeper

standardised normal random variables, // and u the mean and star

deviation and p is the correlation coefficient between X and Y. T

in effect, simulates sets of data by adding random variation from

normal distribution with zero mean and standard deviation 1 (Brer

and Rothery, 1 993).

Simulation of a mixture of distributions was made possible

specifying all the parameters pertaining to the component

distributions. This entailed inclusion of the number of componern

size of each component (group size) and the earlier mentioned

parameters, within each group. A model SAS program for the

simulations is presented in Appendix A1.

240, 600 or 1200 observations (representing entries).

X^1 >

range of specified parameter values that included means and vairi-

Random normally distributed variables were simulated with

p.y+ p + a

The simulated data sets used in the study contained eithSr

yVl-p

3, or 4 distinct groups. Data sets consisted of a total of 30,
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The design factors include

Data size niz i = 1,2,3,4,5,6;

Number of groups, gjz j - 1,2,3,4;

k = 1 for j = 1,

k = 1,2 for j = 2, and

k = 1,2,3 for j = 3,4 :

required that one

required that one group must contain 50% of the entries. The

remaining entries were distributed equally (or as equally as possible)

across the other groups represented in the data. Choice for the last

two levels was made considering the common selection intensities

investigators have used. Ten percent is among the most common,

while 50% is frequently used at early breeding stages to reduce the

number of genotypes to be tested during subsequent stages of the

evaluation. The first level was made mainly on intuitive grounds.

For a full factorial design, the number of cells expected, at this

level, would be nxgxs = 6x4x3 = 72. At g1z that is g = 1 (no

grouping), the s levels do not apply. With g = 2, s.

group size implies 50% entries in each group. Overall, the design had

(1 + 2 + 3 + 3)x6 = 54 cells (Table 4.3). Two replicates (t) were

generated for each cell of the design, producing 108 data sets for

testing purposes.

group must contain 10% of the data observations, whereas s3

s, had an equal number of entries in each group, s2

= s3 as equal

Relative size of groups sk,
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Additional factors, considered in the multivariate case, are

number of variables (p = 2 or 3) and the intercorrelations among

combinations of p = 2 & 3 as well as n = 30 & 60 which gave

another 36 ((1 + 2 + 3 + 3)x2x2) data sets. The 54 combinations

mentioned earlier (analogues of the univariate) had uncorrelated

variables (i.e. r ~ 0). Thus the multivariate design had a total oif

univariate), two additional replicates were obtained by including $

of the variables generated for multivariate classification purposes.

variables. Correlation coefficients (r) of about 0.6 and 0.9 were u

on some selected data sets. Included in these were all the

different data sets and two replicates (= 1 80). For p = 1 (i.e.



79

Simulation factor combinations.Table 4.3

Number of groups (g) and group size

4321n

30 30

60 60

120 120

240 240

600 600

1200 1200

Note: Rows within each set of combinations of n represent levels of sizes

of groups, s (sv s2, s3). While s, denotes a set with equal groups, s2 and

half of the entries, respectively.

600,
120 ,

30,
6 ,

15 ,
3 ,

600
1080

60
108

120
216

300
540

15
27

30
54

400,
120,
600 ,

40,
12 ,
60,

20,
6,

30,

10 ,
3 ,

15,

200,
270 ,
150,

400, 
540 , 
300,

40,
54 ,
30,

20 ,
27 ,
15,

10,
13 ,
7,

80
108
60

200
270
150

400
540
300

20
27
15

40
54
30

300,
120,
600,

7,
3,

15,

15 ,
6 ,

30 ,

30 ,
12,
60,

150 ,
180,
100 ,

300,
360 ,
200 ,

15 ,
18 ,
10 ,

30,
36,
20,

60 ,
72 ,
40 ,

7,
9,
5 ,

150 ,
180,
100,

300 , 
360, 
200,

15 ,
18 ,
10,

30,
36 ,
20,

60 ,
72 ,
40 ,

8,
9 ,
5,

150
180
100

300
360
200

30
36
20

15
18
10

60
72
40

8
9
5

120,
24 ,

300 ,
60,

60 ,
12 ,

200,
60,

300,

80 ,
24 ,

120,

80 ,
108 ,
60 ,

10
14
8

60,
24 ,

120,

150 ,
60 ,

300 ,

s3 denote data sets in which one of the groups contains one-tenth and



CHAPTER 5

APPLICATIONS AND RESULTS

Introduction

In this chapter we investigate the practical use of the

procedures described in Chapter 3 using sets of real and simulatec

data described in Chapter 4. To make direct comparisons of the

performance of the procedures, each data set was subjected to a'

procedures.

SAS, and in particular the SAS/STAT, facilities were used a

various stages of the analysis, supplemented by LOTUS 1-2-3. S:

programs were written in the BASIC language to carry out specific

graphs.

5.1 EVALUATION OF UNIVARIATE PROCEDURES

Data arrays

Prior to application of the classification procedures, entries »

ranked in ascending order based on the mean values for each

classification variable. This order would be maintained throughout
■i»ti

each analysis. For example, after ranking n entries by stem tunne

(ST), the entry in position 1 was the most resistant with respect;.

that particular measure, and the entry in position n was the most

susceptible. This logical start meant that entries close together o:r

tasks. HARVARD GRAPHICS was employed for printing various
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ranking (and thus have small differences in their resistance levels)

in their rankings (and possibly have large differences between their

resistance levels).

The graphical procedure5.1.1

The normal scores were obtained using PROC RANK with

NORMAL = BLOM option in the SAS program. The observed means

were then plotted against the corresponding normal scores. The line

given by equation (3.2) was computed and plotted on the same graph.

Visual inspection of the plots, discussed in Section 5.2, indicated

possibilities of groupings.

5.1.2 Cluster analysis

Cluster analyses were carried out by specifying a range of g

values in the MAXCLUS option of PROC FASTCLUS of the SAS

program. The procedure performs a disjoint grouping of entries based

For this particular procedure, values of g ranged from 2 to n/5

(approximately) to allow investigations of any possible trend in the

statistics, PF and CCC, employed to determine the optimum number of

classes.

were more likely to be grouped together than those that are far apart

on Euclidean distances computed from the damage variable(s).
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5.1.3 Hypothesis testing procedure

Classification models formulated in Section 3.1.3.2 were t-

for their adequacy using the proposed test statistics. The likelihic

ratio test (LRT) procedure required computation of test statistics

considering all possible arrangements of n entries into g classes.

values of g investigated using this test statistic ranged from 1 to

6 in some cases). Similarly, quasi bayesian test statistics (QBT) r

to be computed for all possible partitions of the n entries into 2

classes {g = 2).

5.1.3.1 Generation of groupings

This study employed an iterative technique. For example ir

case of two classes, the entries were first partitioned into two su

that the top n-1 are in class 1 and the last one in class 2. For the

next grouping, the top n-2 entries are placed in class 1 and the la

two in class 2. The process is repeated until we have only the to

entry in class 1 and the other n-1 entries are in class 2. Forexan

if we arranged 51 entries in ascending order with respect to vari a

means, we could partition the entries in 50, i.e. (n-1) different we

1 -50, 1; 1-49, 50-51; ... ; 1, 2-50. In general, for any number ol

possible groupings. To partition n entries into g classes, the total

number of partitions considered is given by

classes, g, a similar procedure was made to generate a series of j
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(5.1)

For the different real data sets described in Chapter 4, the

number of possible groupings to consider is shown in Table 5.1.

Number of possible groupings for different combinationsTable 5.1

of number of entries (n) and number of classes (g).

Number of classes (g)

53 42Data set n

23030051 50 1 225 19600A
55 54 1431 24804 316251B

C 39 38 703 8436 73815
12829751D 77 76 2850 70300

1 Not all groupings were investigated due to limitations of

computer memory.

A restriction was made to have at least two entries assigned to

each class to avoid the degenerate case of infinite test statistics.

i

'n-1
^-1

(n-1)!
(g-1)! («-<?)!
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5.1.3.2 Computation of test statistics

Test statistics were computed for each assumed cutpoint i

each set of g-1 hypothesised cutpoints for g classes.

QBT statistics were computed for all possible groupings ini

two and the grouping with the minimum value considered optima

LOTUS 1-2-3 was fast at the computations which only required

shifting the single cutpoint by one place to produce all the possilb

groupings and copying one equation into the appropriate cells to

obtain the statistics.

The LRT statistics were obtained by running one-way ANO

to generate values of between and within classes sum of squares

written in BASIC language to generate various groupings. An exe

of the programs is given in Appendix A2. The routine programs

generated the partitions iteratively and computed the required

statistics for each iteration. Maximum values of the test statistic:

classes. Such a grouping, which essentially maximised difference

among the various classes, provided the best evidence for rejectiir

the 1-group model in favour of the ^-group model.

The minimum (or sharp fall in) value of the g2w statistic (g?

within classes mean squares) indicated the optimum partition nunr

of classes, where this was achieved. The F-ratio comparing the

case of two classes, for each pair of cutpoints for three classes,, I

indicated the best classification of entries into the given number c

F-ratio and R2. For this purpose, some programs were specifically
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reduction in within classes variation when the g-1 classes model is

adopted against the g groups model was used to choose between g-1

or g groups models.

RESULTS AND DISCUSSION OF UNIVARIATE5.2

PROCEDURES

Note:

Comparisons involving QBT will only be made with respect to(i)

the 2-group model, since use of the statistic assumes a 2-group

model is adequate and the question is to locate the single

cutpoint.

In plots of various test statistics (LRT, CA (PF & CC) and QBT),(ii)

the points are joined by lines, not meant to depict continuity of

cutpoints, but to emphasize the trend which facilitates the

determination of these points.

(iii) Only one example of plots of QBT statistic is included for

variable A-LF, since the plots provide no additional information

from that given by the tabulated values of the statistic fori

different locations of the cutpoint.

The optimum classifications achieved by different procedures arei

summarised in Table 5.3.

I
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5.2.1 DATA SET A

5.2.1.1 Leaf feeding (A - LF)

The normal score (NS) plot (Fig 5.1a) suggests 3 groups. T

LRT plot (Fig 5.1b) seems to suggest 2 cutpoints - a definite one <

the first 36 and a less definite one after the first 14 entries. The 1

test statistics plot (Fig 5.1c) suggests 2 optimal classifications at.

3 & 6. Computed values of g2w, for g — 2-5, confirm the optimu

number of groups being 3 (see Table 5.2a).

Computed values of g2w for the damage variablesTable 5.2a

(data set A).

Variable

LF DH STg

5.640.047 32.991

5.560.059 37.222

3.72 42.760.0493

4.020.061 33.994
3.970.089 32.875

22.506
'•Mi

While QBT gives groups of 28 & 23 (Fig 5.1d), LRT and Cz

give groups of 36 & 1 5 as the best partition into 2 groups.
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Disagreement in location of cutpoints, on the assumption of a 2-

CA agree on composition (number of entries, njz in group j) of the 3

groups, whose estimates are given by:

mean (s.e.)j

3.23 (0.09)1 14

2 22 4.18 (0.08)

6.14 (0.18)3 1 5

Using the conventional selection intensity of 10% based on LF,

the ranking of the entries would have resulted into 5 entries being

selected. Vital resources in the 9 entries left out would be lost.

5.2.1.2 Dead heart (A - DH)

There are a few points in the NS plot (Fig 5.2a), due to so many

ties in the data. One point may be representing up to ten entries,

the plot suggests 3 classes. The same number is suggested by the

LRT plot (Fig 5.2b) and CA (Fig 5.2c). The minimum value of g2w is

given by g = 3 (Table 5.2a). The group estimates are given by

ni

while another one may be representing a single entry. Nevertheless,

groups model, also seems to suggest a different model. Both LRT and
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j mean (s.e.)

1 38 3.76 (0.36)

2 1 1 11.15 (0.91)

3 2 34.62 (5.12)

While QBT gives classes of 30 & 21, CA and LRT procedure

give classes of 40 & 11 entries. The wide difference in results see

to suggest inadequacy of the 2-group model or, provide additional

evidence to inadequacy of the model.

Conventional selection intensity of 10% based on this variate

would have left out over 30 entries of potential benefit.

5.2.1.3 Stem tunnelling (A - ST)

The NS plot (Fig 5.3a) suggests at least 5 groups, with 2

definite groups on the extreme right, above the line. At least 3 gr.c

are suggested by the LRT plot (Fig 5.3b), while CA (Fig 5.3c) gives

variance for g = 6. The QBT grouping into 30 & 21 differs from t

LRT and CA grouping into 40 & 11 entries, dismissing the likelihoc

the 2-group model. The group estimates are given by:

groups. The value of g2w (Table 5.3a) shows a marked decrease u

nj
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mean (s.e.)j

1 1.04 (0.45)1 4

14.06 (0.1 5)2 19

1 6.77 (0.23)3 9

1 9.82 (0.29)4 9

25.46 (0.34)5 7

33.27 (0.75)6 3

It may be of particular interest to note how the two groups 5 & 6

(with large differences from others and among themselves), were

clearly indicated by the NS plot (Fig 5.3a).

Although the best group contains 4 entries which is very close

to 5, the number selected by the conventional ranking method, the

inclusion of the fifth entry from group 2 while leaving out the other 18

in the same group may not be justified.

ni



90

2.2

2

1.8

1.6

1.4
i

1.2
2-2 1

Plot of A-LF for the 51 entries against their re;
Figure 5.1a

normal scores.

v 
a
I 
u 
e

o
Normal score

• Observed

—I— Predicted

M 
e 
a 
n



91
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Plot of LRT statistic for the 2-group model againstFigure 5.1b
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5.2.2 DATA SET B

5.2.2.1 Leaf feeding (B - LF)

The NS plot (Fig 5.4a) has no major 'jumps' among points

which lie fairly close to the computed line. Perhaps two groups r

be suggested. The LRT plot (Fig 5.4b) may suggest 2 or 3 grouip

although not distinctly. CA results (Fig 5.4c) shows disagreemeri

optimum number of groups by the two test statistics, which

individually suggest 3, 4 or 8 groups. Values of g2w (Table 5.2b)

suggests a grouping into 2 groups which, judging from the value '

the 1-group model, is no better than the 1-group model.

Table 5.2b

Variable

DH STLFg

0.18 13.170.2101

0.20 24.140.2772

0.22 23.940.2783
24.110.160.3304

'Mr? 0.13 19.780.2805

QBT divides the entries into groups of 28 & 27, while LRT ;

groups of 36, 19. The inconclusive results would lead to unreliab

Computed values of g2w for the damage variables 

(data set B).
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selections as choice would have to be made between 2, 3 and 4

Possible reasons for inconsistency observed in results from this

particular set would include lack of distinct groups among the tested

entries, as earlier suggested by the ANOVA results (Table 4.1b), and

other characteristics specific to this data set which may have different

effects on different procedures.

5.2.2.2 Dead heart (B - DH)

The NS and LRT plots (Fig 5.5a & b) suggest at least 4 classes.

CA (Fig 5.5c) gives 4 as the optimum number of groups. The values

of g2w suggest at least 5 groups (being minimum), though not

significantly different from 4 groups value as confirmed by the F

The

estimates for the 4-group model are given by

j mean (s.e.)ni

1 36 0.076 (0.014)

2 13 0.368 (0.021)

3 4 0.918 (0.108)

4 2 2.000 (0.170)

statistic value (1.86, p>0.05), F = (D4 - D5)/(D5/5O) ~ F, 50.

groups. The conventional method would all the same select 6 entries.
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The conventional 10% selection intensity would result int>o:

selections or 1 1 if increased to 20%. It may be noted that 20 eft

in this data set had mean = 0 and 16 had mean = 0.17, etc. This

further indicates how the conventional method would give mislead

results without consideration for the structure in the data. Sepaif;

the 6 (10%) or 1 1 (20%) entries from the set of 20 that scored

exactly the same would be difficult.

5.2.2.3 Stem tunnelling (B - ST)

The NS and LRT plots (Figs 5.6a & b) suggest at least 5 gr<

CA (Fig 5.6c) indicates optimal number of groups at g - 6 & 8.

Values of g2w (Table 5.2b) suggest that either the 1-group model

probably a model with more than 5 groups is optimal. While QBT

gives groups of 27 & 28, LRT and CA give groups of 37 & 18 ent

Group estimates for the 6-group model are:

mean (s.e.)j ni

12.56 (0.62)61

15.35 (0.23)182

17.48 (0.25)203

20.18 (0.44)74

22.78 (0.74)25

30.10 (0.76)26
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5.2.3 DATA SET C

5.2.3.1 Leaf feeding (C - LF)

i he NS plot (Fig 5.7a) suggests 4 distinct classes. rhe LF.

plot (Fig 5.7b) gives

8 entries at the extreme ends of the graph, representing highly

resistant and susceptible groups respectively. CA (Fig 5.7c) gives

optimum number of groups as 4. Ignoring the 1-group model, wlr

would result into no selection, the computed value of g2w is miniir

when <7 = 4 (Table 5.2c ).

Variable

LF DH STg

0.268 24.1861 5.912

0.423 31.501 6.6042

0.368 28.5923

28.8900.3204
29.5620.359 5.9425

■H

Table 5.2c Computed values of g2w for the damage variables 

(data set C).

6.919

5.090

a similar grouping, with distinct classes of 5

All the procedures converge to the same grouping. Inadeq^



11 3

composition of the groups provided by various procedures, with QBT,

LRT and CA giving groups of 1 7 & 22, 12 & 27, and, 1 3 & 26

follows:

mean (s.e.)niJ

4.43 (0.07)51

5.03 (0.05)2 8

5.46 (0.03)183

6.08 (0.07)84

With 39 entries, the conventional 10% selection intensity would have

selected 4 entries leaving out, without justification, one important

taking additional 3 entries from group 2 and leaving out the 5 others

in this group.

5.2.3.2 Dead heart (C - DH)

At least 3 groups are suggested by the NS plot (Fig 5.8a). A

minimum of 3 groups are also suggested by the LRT plot (Fig 5.8b).

The CA statistics (Fig 5.8c) suggests 2 classes. Ignoring the 1-group

model, as in Section 5.2.3.1, values of g2w suggest g = 3 (Table

5.2c). While QBT gives groups of 24 & 1 5 entries, LRT and CA give

entries, respectively. Group estimates for the 4-group model are as

resource. Increasing this selection intensity to 20% would mean
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groups of 35 & 4 entries as the optimum classification into two

classes. The 3-group model estimates are given by

mean (s.e.)J

1 25 4.37 (0.39)

2 10 9.35 (0.41)

3 4 19.02 (1.59)

These results clearly indicate that, whatever model is adopt

(2-group or 3-group), the conventional selection would have resullt

into marginal loss of resources by leaving out a good number of

promising genotypes.

5.2.3.3 Stem tunnelling (C - ST)

The NS and LRT plots (Figs. 5.9a & b) and CA (Fig 5.9c)

suggest 4 classes. Furthermore, the value of g2w at g = 4 (Table

5.2c) confirms the optimum number.

The grouping into two classes by LRT and CA (23 & 16 entr

is quite close to the one given by QBT (22, 17 entries). This may j

due to the fact that a distinct cutpoint appears at or about point 2;3

ni

while the other two are not very distinct on the plots. The CA

statistics (Fig 5.9c) also indicate a second (local) optimum divisiQn|.
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g = 2. The composition of the groups indicated below shows that

the four groups are obtained by an initial (major) division into two

groups of 23 & 1 6 entries which are further subdivided into two.

Group estimates are:

j mean (s.e.)

1 13 12.15 (0.15)

2 10 14.01 (0.14)

3 10 16.06 (0.17)

4 6 18.09 (0.33)

It has been further demonstrated by these results that the

conventional selection could lead to major loss of vital information and

resources in these genotypes.

ni
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DATA SET D5.2.4

For this data set, a maximum of 4 groups were considered for

the LRT statistics due to limitations of computer memory (see table

5.1). However, plots of the statistic on the assumption of the 2-

groups model were very useful in providing hints as to the number of

groups present. Some groupings in the neighbourhood of the partition

suggested by the plots and CA were examined for optimality.

Computed values of g2w for the variables (data set D).Table 5.2d

Variable

T N WLg

1 53.2 89.7 1.05

2 39.1 98.0 1.1 1

3 51.2 106.2 1.28
4 55.6 110.9 1.34

5.2.4.1 Time to 50% emergence (D - T)

The NS plot (Fig 5.10a) suggests two groups. The

classification into two groups is further supported by virtually all the

other procedures. The LRT statistic plot (Fig 5.10b) exhibits no other

cutpoint from the one at point 47. Determination of optimum number

of classes gave the minimum value of g2w at g = 2 (Table 5.2d). A
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c:<=plot of CCC and PF using CA across 2-10 groups shows no

peak other than at 2 groups (Fig 5.1 Oc). The descriptions of c

classes are:

j mean (s.e.)ni

1 47 40.54 (0.47)
2 30 53.96 (0.56)

QBT classified the entries into groups of 43 and 34 entrh

Ten percent of the number of entries in this data set gives 8 ein

The wide margin between this number and the 30 supported by

procedures reveals the need for compulsory statistical methods

selection process. A decision to divide the entries into 2 equall

groups, which is a usually employed conventional method, wou

lead to loss of useful resources. Using the variable overall mean

standard deviation of 45.77 and 7.37 respectively, another pop

method (e.g. Bhumannavar, 1989) of classification would have

resulted into three classes of 11, 50 & 1 6 given by (min, y - sell]

sd, y + sd); and (y + s.d, max). Thus 16 entries would be select

leaving out some 14 the other procedures included in the relativ

•P*' resistant class.hi
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Number of adult insects (D - N)5.2.4.2

Each procedure suggests a different partition. The normal score

plot (Fig 5.11a) suggests 2-4 groups. The LRT plot (Fig 5.11b) curves

smoothly without showing any major angle (which marks the

cutpoints). CA results are somehow inconsistent. While CCC

suggests no more than 2 groups, PF suggests no less than 7 groups

(Fig 5.11c). The g2w statistic (Table 5.2d) increased with increasing

values of g (at least within the range of g values investigated). QBT

classifies the varieties into groups of 42 & 35 entries. The best

classification into 2 groups by LRT is into 47 & 30 entries while CA

gives 49 & 28 entries.

Results of all the procedures are rather inconsistent and

inconclusive. -This is probably a consequence of the structure of the

data resulting into gross violation of the distributional assumptions.

Such data should not be relied on for classification.

5.2.4.3 Weight loss (D - WL)

The normal score plot suggests 5 groups (Fig 5.12a). QBT gave

& 27 entries. However, the LRT plot (Fig 5.12b) reveals no distinct

cutpoints. CA gives 5 groups (Fig 5.1 2c) of 11, 27, 17, 12, 10

statistic did not indicate any optimum number of groups within the

range of g investigated (Table 5.2d). However, the computed value

entries. Determination of optimum number of groups using the gzw

a grouping into 43 & 34, while LRT and CA suggest two classes of 50
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(1.049) for the 5 groups model identified by CA would sugge‘s

similar classification. The description of the 5-group model

mean (s.e.)J ni

1 11 0.24 (0.06)
2 27 1.03 (0.04)

3 17 1.78 (0.06)

4 12 2.66 (0.06)
5 10 3.44 (0.08)

Group 1 entries look very distinct from the others. The group

constitutes 14% of the study population. The conventional selk

intensity would have left out a good chunk of this distinct grouj;

•W
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5.2.5

Table 5.3 gives a summary of the optimum classifications

data sets. A few points may be observed from the results.

2-qroup model

On the assumption of the 2-group model, QBT consistently

gave different partitions from those of LRT and CA. It however gav

results close to other for sets D-T, where the model was found

optimal by the other procedures, and C-ST, where the 4-group mode

identified by LRT and CA had a major cutpoint around the same

position. From this observation it appears QBT gets close to the

optimal partition when the 2-group model is adequate. Otherwise, t

use of the statistic tended to partition the entries into near (or close

to) equal sized groups.

Optimum model

In 6 data sets, CA and LRT gave similar classifications and foi

these sets, NS plots gave the exact number of groups as identified t

these procedures. These data sets included A-LF, A-DH, A-ST, C-LIF

C-ST and D-T. Apparently the assumptions for the application of thu

techniques were satisfied, including normality, equal variance amonc

groups and existence of distinct groups which the techniques sough

for.

obtained using the different procedures for each of the 12 univariate
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Among the other 6 sets, no solution was obtained for D-N.

Other than lack of distinct groups, the data set may have had a non­

normal distribution. Perhaps the same applied for D-WL.

The major reason for inconsistent results for B-LF seems to be

lack of groupings among the observed means. ANOVA results (Table

4.1b) showed no significant differences among the tested entries.

The other variables in this data set (B-DH and B-ST) also resulted into

different partitions being suggested by different procedures. The CA

and LRT also differed markedly in partitions based on the 2-group

model for these variables.
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MULTIVARIATE ANALYSES5.3

Data arrays and computation of indices

The linear relationships between traits were described in

Chapter 4 (see Table 4.2) and partitions based on these were made

using multivariate techniques. PCA was carried out on the correlation

matrices using PROC PRINCOMP of SAS.

Only PCs that cumulatively accounted for at least 80% of the

total variance were retained for subsequent analyses. The

classifications of the entries into resistance groups based on the

computed PCs or the observed damage variables, as appropriate, were

compared with those based on appropriate indices for some selected

data sets. This included RMI for data sets A, B and C; SHI for data

sets A and B; and I for data set D.

Proc PLOT, FASTCLUS and GLM (or CANDISC) in SAS were

used to construct bivariate scatter plots, perform CA and LRT

procedures. Proc GLM (or CANDISC) performs a one-way MANOVA

when the hypothetical classes are specified in the model statement

and provides various test statistics (e.g. Wilk's A). Since the LRT

procedure is iterative, requiring examination of all possible groupings,

some programs were written in BASIC (analogues of the univariate) to

generate the groupings, compute the required matrices and their

determinants (e.g. Appendix A3).
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Ordering (ranking) of the entries, which is vital for the LRT

procedure, was done with respect to PC1, this being the major sot-

of variation or the variable with the greatest variation.

Computation of indices

Rank mean index (RMI)

RMI values were computed for each entry using PROC RANlf1

SAS and obtaining the average of the rankings with respect to eac

variable (see equation (2.7)).

Smith Hazel index (SHI)

Variance component analysis was performed to obtain the

genotypic and phenotypic variances-covariance matrices that were

used to obtain values of the b vector (see equations (2.1) & (2.2)K).

PROC VARCOMP in SAS and FACTOR (with covariance) in MSTAJ

were employed to generate combined ANOVA for individual variabl

and ANOCOVA tables for pairs of variables as were required.

The computed b vectors for data sets A and B are [3.04, -Q.

1.19] (see Appendix A4) and [ 0.07, -0.44 -0.63] (see Appendix A

respectively. The nonsignificance of LF in ANOVA in data set B

seems to have an association with the size of the weight placed or

compared to the others.I•rt ;

Dobie's index (I)

See Sections 2.1.2.1 & 4.1.1. It should be noted that the

index is only appropriate for storage pests studies. Its use will

therefore be evaluated in comparison with use of PCs for data set [
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RESULTS AND DISCUSSION5.3.1

DATA SET A5.3.1.1

Results of RCA performed on the correlation matrix are

summarised in Table 5.4a.

A summary of results of PCA of data set A damageTable 5.4a

variables.

Eigenvectors

PC3PC2PC1Variable

0.515-0.6410.569LF

0.3380.7620.552DH

-0.788-0.0920.612ST

0.1902.370 0.440Eigenvalue

1.000Cumulative proportion 0.790 0.937

The first PC accounts for 79% of the multivariate variation

among the entries. It is basically a measure of the average damage

with respect to the three measures, low values of which characterise

a resistant entry. PC2 contrasts LF with DH. Almost 94% of the

variability is explained by the first two PCs. A plot of entries

according to their first two PC scores is given in Fig 5.13a.

I
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Classification based on PCS

CA suggested optimal classifications with g = 3 & 7 (Fig

5.13b). The 7-group model was found optimal by the LRT methoic

when the CA solutions for g - 2-10 were used to compute the

statistics. Group estimates are given below.

Mean (s.e.)

LF DH STJ ni

1 3 5.66 (0.39) 24.29 (1.317.09 (0.86)

2 24 3.73 (0.11) 2.72 (0.35) 14.26 (0.4

3 2 7.20 (0.40) 16.67 (2.56) 30.06 (2. 9

4 3 5.82 (0.20) 6.41 (0.01) 24.98 (0.3

5 8 3.66 (0.20) 12.18 (1.32) 16.63 (0.18

34.62 (5.12)6 2 7.11 (0.03) 33.40 (1.2

4.79 (0.58)9 5.26 (0.22) 18.72 (0.97

shown in Fig 5.13c. Entries in group 2 are the most resistant whiil

groups 6 & 3 are the most susceptible.
I•a

Classifications based on RMI and SHI

Application of the univariate classification procedures gave ti

following results.

The various groups plotted along the first two components §
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RMI - At least 3 groups are suggested by the NS plot (Fig 5.14a),

CA gives 7 groups as the optimal classification (Fig 5.14c) which is

also supported by the LRT. Assuming a 2-group model, QBT, LRT and

CA give groups of 28 & 23, 27 & 24 and 28 & 23, respectively.

Group estimates for the 7-group model are,

Mean (s.e.)

j STDHLF

16.63 (0.87)3.66 (0.20) 12.18 (1.32)1 8

13.68 (0.39)2 20 3.65 (0.12) 2.82 (0.35)

21.563 1 4.89 15.38

4 10 4.72 (0.24) 3.20 (0.44) 17.96 (1.02)

5 4 6.63 (0.37) 17.31 (1.11) 27.86 (1.75)

6 2 7.1 1 (0.03) 34.62 (5.12) 33.40 (1.28)

7 6 5.72 (0.10) 6.54 (0.24) 22.10 (1.30)

SHI - The NS and LRT plots (Figs 5.15a & b) suggest at least 6

groups. CA (Fig 5.15c) gives an optimum 7-group model. QBT, LRT

and CA on the assumption of a 2-groups model give groups of 32 &

19, 35 & 16 and 37 & 14, respectively. Group estimates for the 7-

group model are,

ni

while about 5 are suggested by the LRT plot (Fig 5.14b). However,
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Mean (s.e.)

LF STJ DHni

20.42 (1 •1 9 5.66 (0.12) 5.50 (0.55)

27.86 (1-2 4 6.63 (0.37) 17.82 (1.11)

23.19 (13 2 4.52 (0.37) 10.26 (5.12)

16.63 (O..f4 8 3.66 (0.22) 12.18 (1.33)

12.95 (O.E5 10 3.23 (0.12) 2.18 (0.60)

33.40 (1.26 2 7.11 (0.03) 34.62 (5.13)

7 16 15.48 (O.!54.19 (0.09) 3.20 (0.39)

High correlations (p < 0.001) were observed among the ind

(and the damage variables) as indicated below:

PC1 RMI SHI

PC1

0.93RMI

0.92 0.90SHI

0.86 0.980.87LF

0.600.730.85DH

0.88 0.870.98ST

Perhaps the high correlations explain why 7 groups were• I
H I

indicated as optimal using all the indices. However the sizes and

composition of groups differ. The distributions of groups along the

first two PCs based on RMI and SHI, respectively, are given in Figs
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5.14d and 5.1 5d (cf. Fig 5.13c). A list of entries showing group

membership based on the indices is included in Table 5.4b.

A close study of the graphs and the table indicates similarities

of placement of entries in various groups. Apparently similar

slight differences between them probably result in the observed

differences in the classifications.

MANOVA, used to compare the efficiencies of indices

(differences in variability accounted for by the classifications based on

indices), gave the results summarised below:

Wilk's A PIndex

PCs 0.0124 24.69 < 0.001

RMI 0.0138 23.54 0.001

SHI 0.01 1 1 25.88 0.001

The similarity in classifications obtained with different indices is

further indicated by the relative reduction in the within groups

variation which is represented by the Wilk's statistic.

^18, 119

information, to some extent, is carried by these indices. However, the
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Table 5.4b Composition of groups based on the indices (data sett

ENTRY LF DH ST RMIGP SHIGPPCGP

•rt <(!' i

49
46
36
12
23
10
29
8
17
24
22
13
37
30
18
15
2

33
1

16
14
7

28
40
26
9

44
51
50
43
6

48
25
27
3

42

17.95
17.95
15.38
1.28
0.00
2.56
0.00
3.85
2.56
2.56
6.41
1.28
1.28
5.13
2.56
5.13
2.56
2.56
6.41
2.56
2.56
1.28
3.85
2.56
1.28
I. 28
3.85
19.23
14.10
6.41
6.41
6.41
II. 54
10.26
16.67
7.69

1
1
1
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
3
3
4
4
4
5
5
5
5

5
5
3
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
4
2
4
2
4
4
5
5
7
7
7
1
1
1
1

2 
2 
3 
5 
5 
5
5 
5 
5 
5 
5 
5
5 
7
7 
7 
7 
7 
7 
7
7 
7 
7 
7 
7 
7
7 
2 
2 
1
T 

1 
4 
4 
4 
4

6.03
6.07
4.89
2.47
2.93
3.11
3.31
3.11
3.20
3.28
3.56
3.61
3.75
3.91
3.88
4.08
4.14
3.72
4.18
4.01
4.17
3.75
4.25
4.06
4.36
4.14
4.73
6.80
7.61
5.45
5.88
6.14
3.03
3.28
3.16
3.36

25.38
25.95
21.56
15.22
10.68
1 1.27
10.06
13.45
13.97
13.79
13.48
13.98
13.61
13.51
14.40
12.65
12.17
17.41
13.98
15.97
14.35
20.03
14.77
17.10
14.82
18.04
13.64
33.01
27.1 1
24.47
24.82
25.66
13.59
16.32
20.13
17.18
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Table 5.4b continued

SHIGPRMIGPPCGPSTENTRY LF DH

Comment on results for data set A

Based on PCs, the 7-group model suggests selecting 24 entries,

while 20 and 10 entries will be selected based on RMI and SHI,

respectively. Depending on requirements for further studies, the

selection by SHI may be preferred in case of limited resources when

recombinations are to be made. However, some useful materials may

be left out. The conventional selection intensity would have resulted

into 5 entries, far much fewer than suggested by CA and LRT based

on either index.

38 
32 
31 
45
5
4

21
39 
35 
47 
41
20 
19 
34 
1 1

3.83
4.19
3.69
4.72
7.08
7.14
4.89
5.53
5.92
5.60
5.89
5.69
4.14
4.39
5.28

12.82
17.95
7.69
12.82
39.74
29.49
3.85
7.69
3.85
5.90
2.56
6.41
5.13
5.13
2.56

16.43
14.26
20.09
1 5.03
32.13
34.68
20.14
19.57
14.62
18.68
16.37
19.42
24.83
18.73
16.08

5
5
5
5
6
6
7
7
7
7
7
7
7
7
7

1
1
1
1
6
6 
4
7
4 
7
4 
7
4 
4
4

4
4
4
4
6
6
1
1
1
1
1
1
3
7
7
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groups using the first two PCs for data set A.
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DATA SET B5.3.1.2

There were no significant correlations among the damage

subsequent analyse by PCA gave results summarised in Table 5.5a.

A summary of results of PCA of data set B damageTable 5.5a

variables.

Eigenvectors

PC3PC1 PC2Variable

-0.0410.031 0.999LF

0.706-0.706 0.051DH

0.7070.007ST 0.707

1.101 0.899Eigenvalue 1.000

Cumulative proportion 0.367 0.700 1.000

It is evident from the results that PCA was not able to capture

much variation of the original measures among the 55 entries, due to

lack of linear relationships among the measures. The three PCs,

individually account for 37%, 33% and 30% of the total variation.

The magnitude of each of the 3 eigenvalues is almost 1 (each

accounting for just as much variation as accounted for by the original

measures independently). There is therefore no advantage in using

measures (Table 4.2). An attempt to generate indices for use in
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PCA in this particular case. The resistance measures (standard*5'6"

CA gave 7 groups (Fig 5.1 6). LRT, however, did not prov^

any meaningful classification

increasing values of g ( = 2-10), using CA solutions. Generation ©'

reasonable groupings was ineffective as there were no useful grasp

to suggest possible groupings or PCS on which to base ordering.

most variable measure, ST, was used for the ranking of entries, b‘

still the method could not provide meaningful results. The estimat

Mean (s.e.)

j LF STDHni

1 2 5.10 (0.18) 0.00 (0.00) 26.44 (2.S

2 3.90 (0.13) 0.84 (0.15) 17.19 (1.64

13 3.74 (0.07) 0.14 (0.04) 18.66 (0.33

14.63 (O.*44.15 (0.05) 0.14 (0.04)4 18

30.860.003.795 1

2.00 (0.17) 15.32 (O.|54.36 (0.29)26

0.23 (0.06) 17.28 (0.54.69 (0.07)7 15
t -I

Classifications based on RMI and SHI

RMI - The NS plot (Fig 5.17a) suggests about 6 groups while the IL

r*

were used to determine the appropriate classification for the entf -

as values of the statistic increased

for the 7-groups model identified by CA are

* »
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SHI - The NS and LRT plots (Fig 5.18 a & b) suggest 6 and > 4

groups, respectively.

CA classifies entries into 6 groups based on each of the indices

(Fig 5.17c & Fig 5.18c). However, the allocation of entries to the

groups varies as indicated by the group estimates based on the two

indices given below.

Based on RMI:

Mean (s.e.)

j STLF DH

14.74 (0.64)10 3.98 (0.11) 0.05 (0.04)1

14 4.22 (0.09) 0.24 (0.07) 16.72 (0.49)2

3 7 4.69 (0.16) 0.40 (0.17) 21.90 (1.44)

3.894 1 0.00 10.18

12 4.39 (0.13)5 0.60 (0.19) 16.84 (0.47)

6 1 1 3.99 (0.15) 0.12 (0.06) 18.29 (1.45)

ni
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Based on SHI:

Mean (s.e.)

LF STJ ni DH

15.42 (0-2-1 17 4.29 (0.08) (0.03)0.15

17.31 (0.3'2 20 4.04 (0.09) 0.26 (0.06)

22.34 (3.9(3 3 4.41 (0.44) (0.63)1.11

4 1 30.863.79 0.00

20.00 (o.a;5 9 4.26 (0.19) 0.44 (0.19)

6 12.40 (0.7-5 4.58 (0.24) 0.03 (0.03)

Comment on results for data set B

The results from this data set are inconsistent (Table 5.5b).

Possible reasons could be the lack of correlation among variables as

well as absence of distinct groups among entries studied. Apart frc-

RMI, use of the other indices would result into selecting entries that

are resistant for one damage variable and susceptible for the other(s

Based on SHI, for example, the lone entry in group 4 (same as group

based on standardised variables) was resistant to LF and DH yet higiU.

susceptible to ST. RMI would lead to selection of the lone entry in
Irtf,1 i

group 4, which consistently performed best, and perhaps the 10 in

group 1 for that model. Selections based on SHI and the standardise?;

variables would require introduction of economic weights (relative

importance) for each variable.
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Table 5.5b Composition of the groups based on indices (data set B).

SHIGPENTRY LF DH STDGP RMIGPST

4

I
I

3
4
5
6
7
8
9
10
1 1
1 2
13
14
1 5
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37

1
2

4.73
4.39
3.85 
4.02 
5.01
4.16
4.76
3.70
3.92
4.68
4.83
4.18

5.29
4.19
4.30
5.01
4.63
3.76
4.04
4.54
5.14
4.54
3.57
3.87
4.37
4.05
3.54
4.31
4.22
3.88
3.41
4.00
4.1 1
3.33

4.86
4.74
4.24

0.17
0.17
0.50
1.00
0.33
0.17
0.00
0.00
0.17
0.00
0.17
0.32
0.00
0.00
0.33
0.33
0.17
0.33
0.00
0.00
0.00
0.00
0.17
0.67
1.17
0.00
0.50
0.33
0.17
0.00
0.00
0.00
0.00 
0.17 
0.00

0.17
0.17

18.34 
14.65 
19.43 
13.39 
14.66 
14.04 
19.82 
17.70 
15.33 
1 1.09 
16.07 
13.72 
16.47 
22.04 
15.73 
29.34 
15.60 
17.26 
13.63 
16.36 
17.49 
14.89 
17.78 
13.37 
17.45 
15.59 
21.83 
19.12 
14.77 
17.50 
16.44 
15.19 
15.59 
20.99 
20.94 
17.78 
17.74

1
4
7
7
7
3
4
7
7
7
2
2
7
4
3
4
4
4
3
3
3
3

7
2
7
3
4
4
7
4
7
7

3
4

7
4

5
3
4
6
2
2
5
2
5
4
6
4
3
5
3
5
2
2
3
6
5
6
4
3
3
3
3
2
2
6
6
3
2

4
6
3
2

2
4
2
3
6
3
3
2
2
6
3
3
4
3
3
3
2
2
2
5
5
3
3

3
2
3
2
2
3
5
3
2
6
2
6
2
5
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Table 5.5b continued

SHIENTRY LF DH ST STDGP RMIGP

’ $

38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55

4.35 
4.02 
4.24 
3.89 
3.82 
3.55 
4.02 
4.92 
4.28 
4.13 
3.58 
3.79 
3.79 
4.26 
4.65 
4.07 
4.02 
4.53

0.00 
0.50 
0.17 
0.00 
0.33 
0.17 
0.17 
0.00 
0.17 
0.17 
0.33 
0.00 
0.33 
0.33 
1.83 
2.17 
0.00 
0.83

18.45
17.29
16.07
10.18
12.94
17.45
17.93
23.53
15.61
15.73
20.09
30.86
19.38
16.37
14.80
15.84
18.22
18.43

4
4
4
3
3
1
4
4
3
5
3
4
6
6
3
7

7
2

3
5
3
1
2
6
3
4
3
6
5
6
5
5
5
5
6
4

3
3
2
6
2
3
3
5
2
2
5
1
5
3
5
4
3
5
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5.3.1.3 DATA SET C

Results of PCA performed on the correlation matrix (Table 4.2) ar®

summarised in Table 5.6.

Table 5.6a A summary of results of PCA of data set C damage

variables.

Eigenvectors

Variable PC1 PC3PC2

LF -0.71 n0.607 -0.355

DH 0.515 0.0120.857

ST 0.605 0.703-0.373

Eigenvalue 1.713 0.5440.742

Cumulative proportion 0.571 0.818 1.000

As implied by the eigenvectors (Table 5.6), PC1 is a measure c

the average contribution of each damage variable and PC2 is a

contrast between DH and the other two variables. The two PCs

accounted for 82% of the total variation in the data. The distributin'I

of entries along the first two PCs is given in Fig 5.19a.
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Classification based on PCS

CA indicated optimal classifications at g = 3 & 5 (Fig 5.19b).

However, among the two models, the LRT procedure found the

classification into 3 groups adequate. Groups estimates are as

follows:

Mean (s.e.)

j STDHLF

12.74 (0.27)5.09 (0.69)18 5.04 (0.1 1)1

16.31 (0.46)6.53 (0.59)5.62 (0.09)2 17

16.34 (0.31)19.03 (1.59)5.72 (0.30)3 4

be seen, the 18 entries in group 1 are the most resistant, followed by

the 1 7 in group 2, while the most susceptible are the 4 in group 3.

Classification by RMI

The NS and LRT plots suggest at least 3 groups (Figs 5.20a &

b). CA (Fig 5.20c) gives 2 - 3 classes. The estimates for the 3-group

model are:

ni

Plots of groups along the PCs are shown in Fig 5.19c. As can
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Mean (s.e.)

LF STJ DH

12.78 (0.3121 11 4.82 (0.12) 3.06 (0.72)

14.14 (0.4 82 15 5.44 (0.08) 6.54 (0.64)

16.87 (0.593 13 5.73 (0.11) 10.81 (1.72)

A comparison of the classifications obtained using the two index

forms by MANOVA gave the following results:

Index Wilk's A P

PCs 0.1245 < 0.00120.78

RMI 0.2374 < 0.0011 1.80

From the values of the test statistics, it would appear the

reduction in total variation by the classification using PCs was much

higher than using the RMI.

Comment on results for data set C

Based on PCs and RMI, using LRT or CA would select 18 and
I

11 entries (Table 5.6b), respectively, while 4 entries would result Re­

setting the selection intensity at 10% or 8 if it were increased to

20%.

^6, 68

ni
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Composition of the groups based on indices (set C).Table 5.6b

RMIGPPCGPSTDHENTRY LF

1111.644.191 2
1112.214.6238
110.97 14.3839
1112.654.4426
114.4914
110.00
11
1128

3.56
1.71

112.5510.9732
1 21 1.595.885.547

4
1

2110
1

2 217
2 2

2
1 1 5.45 2

20 2

i

9
29

35
19

5
24
34

15
27
21
13

30
8

23
3
33
37
22
36
18
2
6
16
25
31

4.89
5.37
5.05
4.50
5.00
5.29
4.86

5.32
5.59
5.59
5.41
5.22
5.46
5.15
5.31
5.14
5.51
5.83

5.51
6.01

8.33
9.71
6.04
5.41
8.12
3.63
5.30
10.72
9.70
5.48
4.34
3.13
8.42
16.89
6.12
5.44
18.59
5.34
8.07
1 1.32
4.58
16.95
23.63

0.85
1.85
8.12
4.89

6.04
4.07

4.49
5.13
6.12
5.34

1 1.97
13.98
14.18
12.58
15.80
15.53
15.36
15.90
14.03
13.94
14.49
14.44
18.29
14.57
17.04
12.98
16.32
18.74
16.27
19.81
15.89
17.70
19.49
16.75
19.36

13.81
13.27

13.43
1 1.91

12.64
12.32
1 1.93
15.73

2
2
2

2
2
3
2
2
3
2
2
2
2
3
3

2
2

1
1

1
1

1
1

1
1
2

1
2

2
2
2

2
3
3
2
2
3
3

2
2

3
3
3
3
3
3
3
3
3

5.33
6.26
5.31
5.58
5.89
5.47
4.93
5.51
6.31
5.67
5.92
6.1 1
6.27
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5.3.1.4 DATA SET D

Results obtained from PCA are shown in Table 5.7.

Table 5.7c A summary of results of PCA of data set D variable^.

Eigenvectors

Variable PC3PC1 PC2

N 0.633 0.330 -0.701

T 0.027-0.438 0.898

WL 0.638 0.299 0.713

2.237 0.706 0.056

0.746 0.981 1.000

PC1 and PC2 account for 75% and 24% of the variation in th

original variables, respectively. Variables N and WL, which are hig^i

relatively smaller negative weight. The distribution of entries alongf

the two PC axes is shown in Fig 5.21a.
. i s'*’

Classification based on PCS

CA gave optimal classifications with g = 3 and 6 (Fig 5.21 b)%

LRT supported the 6-groups model as the optimum solution. The

Eigenvalue

Cumulative proportion

correlated (Table 4.2), contribute equally to PC1 while T contributes
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distribution of the resulting classes along the two PCs is shown in Fig

Mean (s.e.)

WLTNj n

1.76 (0.09)41.08 (0.57)17.62 (0.81)1 20

1.14 (0.06)53.49 (0.51)1 1.64 (0.75)202

3.16 (0.12)38.71 (0.78)29.77 (1.04)3 14

2.85 (0.08)50.79 (1.63)27.50 (0.65)64

0.14 (0.06)58.00 (0.95)1.45 (0.52)55

0.58 (0.09)6.44 (0.91) 41.34 (1.06)126

Classification based on I

The normal score plot (Fig 5.22a) does not clearly indicate a

definite grouping in the data, as most of the points lie quite close to

the line, but at least 4 groups are suggested. QBT partitions the

entries into groups of 35, 42 entries. With the 2-group model

assumption, LRT and CA partition the entries into groups of 34, 43

entries. However, further splitting into 4 groups is suggested as the

optimum classification by both the CA and LRT (see Fig 5.22b & c).

The table below shows the classes description.

5.21c. The table of means is given below:
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Mean (s.e.)

j N Tni

1 7 0.89 (0.23) 52.14 (3.91)1.68 (0.39)

2 27 4.27 (0.14) 49.66 (1.19)9.70 (0.66)

3 30 6.73 (0.11) 19.66 (1.01) 44.02 (0.96)

4 13 8.89 (0.23) 29.87 (1.14) 38.29 (0.74)

Comment on results for data set D

Results of LRT and CA procedures based on the first two PCs

suggest selection of 5 entries. Using I results into selection of 7

entries. Since N and WL are highly correlated (r - 0.943, Table 4.2

exclusion of WL in the computation of I leads to somewhat similar

selections (Table 5.7b) as those based on PCs where appropriate

These selections are close to the 10% selection intensity often

employed. This is probably due to chance as stated earlier.

I i

weights are assigned to the variables based on existing correlations.



187

Composition of the groups based on indices (set D).Table 5.7b

PCGPIGPIWLTNENTRY

510.1060.000.7577
510.0558.000.7576
510.480.0457.001 .0075
50.73 10.1855.001.2574
6141.002.0073
6134.002.5072
51.83 10.3460.003.5071
632.730.2036.253.7570
62.8341.29
23.1654.50

3 63.200.5039.754.0067
3.73 3 20.6656.258.2566

3 21.02 3.8058.0065
20.87 3.86 354.0064

1.02 3.92 3 29.00 54.5063
43.25 0.66 3.97 3 65.7562
55.75 1.01 2
44.75 0.98 6

9.25 52.25 0.98 4.2259 3 2
9.55 52.75 0.9058 4.23 3 2

4.37 3 2
4.39 2

10.75 52.75 1.1955 4.41 2
9.50 49.5054 1.07 4.50 2

2
6

12.50 51.75 1.0351 3 2
15.75 1.27 2

47 6
46 1 1.00

1
43 51.00 4 2
42 49.75 4 2
41 4 4
40 4 6
39 14.00 1.46 4 2

69
68

61
60

50
49
48

57
56

45
44

53
52

4.00
6.29

9.50
8.28

9.75
7.75

1 1.25
9.00

8.50
16.25
8.50

1 1.00
1 1 .50

28.00
10.50

15.00
16.25
18.50
17.00

52.25
46.00

54.00
55.25

56.75
42.25
55.00
42.25
46.00
51.50
42.25

56.75
39.25
52.25

0.03
0.34

0.73
0.86

1.40
0.92

0.59
1.13

1.01
1.49

1.64
2.86
0.99

1.19
1.12
1.67

4.03
4.1 1

4.54
4.75
4.82
4.84
5.02
5.04
5.05
5.16
5.21
5.31
5.60
5.69

0.29
0.30

5.87
5.99
6.17

1.04
1.58

3
3

3
3
3
3
3

3
3
3

3
3

3
3
3
3

6
2

6
2

0.77
0.29
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Table 5.7b continued

PCGiFIGPN T WLENTRY

1
4
1
1

4
1

14.00
25.75 
11.50 
28.75
19.50
12.50
18.25
14.25
17.50
14.25
26.75 
14.00 
21.25
17.25
29.75 
26.00 
14.75
21.00
22.00
17.00
21.00
27.00
22.00
20.50
25.25
23.75
28.28
34.75
27.75
24.75
28.75 
32.00 
26.25
27.25
31.25
36.75
31.25
35.50

42.75
52.25 
39.00 
53.00
46.50
39.75
45.25
42.75
43.75
39.75
49.25
36.75
43.25
39.75
47.75
45.75
37.25
41.75
42.25
38.75
40.75
43.00
40.25
39.00
41.25
40.00
40.75
43.25
40.00
37.75 
39.00 
39.75
37.25
36.75
37.75
38.00
34.50 
33.00

1.50 
2.57 
1.43 
2.79 
1.79 
1.22 
1.28 
1.33 
1.32 
1.83 
2.98
2.1 1 
2.26 
1.61
3.1 8 
2.74 
1.73 
1.72 
1.89 
2.13 
2.65 
2.76 
2.14 
2.04
3.1 5 
2.08 
3.22 
3.51 
2.74 
2.52 
3.48 
2.45 
3.37 
3.37 
3.69 
2.61 
3.92 
3.56

6.18
6.21
6.23
6.33
6.33
6.34
6.39
6.52
6.53
6.62
6.67
6.72
7.04
7.09
7.10
7.12
7.16
7.28
7.29
7.30
7.40
7.65
7.66
7.74
7.81
7.88
8.1 8
8.19
8.31
8.48
8.60
8.72
8.79
8.99
9.09
9.48
10.01
10.82

4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
2
2
2
2
2
2
2
2
2
2
2
2
2

1
4

1
1
4
4
1
1
1
1
1
3
1
1
3
1
3
3
3
3
3
3
3
3
3
3
3
3

1
1
1
1

38
37
36
35
34
33
32
31
30
29
28
27
26
25
24
23
22
21
20
19
18
17
16
15
14
13
12
11
10
9
8
7
6
5
4
3
2
1

I
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Number of groups

Plot of PF and CCC for optimum classifications in:Figure 5.21b

groups using the first two PCs for data set D.

C 

c 
c

. I
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5.3.2 Summary of results for multivariate analyses

Table 5.8 gives a summary of the optimum classifications

obtained using the different procedures for each of the 4 data sets.

Significant intercorrelations among damage measures resulted

into selection of entries with high levels of resistance for all the

damage variables, regardless of the index used. This is particularly

true for data set A and D, and to some extent for data set C. Lack of

correlations in data set B resulted into selections that were resistant

for one or two damage variable(s) and susceptible for the other(s).
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COMPARISON OF PROCEDURES USING SIMULATED DATA5.4

In Chapter 3, it was indicated that it is necessary to develop a

criterion for comparing the proposed procedures as well as the

performance of the indices included in the study. In this section

results of the application of the procedures to simulated data,

described in Chapter 4, are used for the comparisons. For this

purpose the procedures are applied to known data structures and

comparisons made on the number (or proportion) of groupings

recovered, which represents the ability of the procedures to identify

the optimum partitioning of n entries into g groups. Conditions for

optimal performance of the procedures are also identified.

5.4.1 Number of groupings

For the different simulated data sets described above, the

number of possible groupings to consider is shown in Table 5.9b.

I
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Number of groupings examined using LRT and OBTTable 5.9

procedures.

Number of groups (g)

2 3 4 5n

30 29 406 3654 23751

60 59 171 1 32509 455126

79407511120 119 7021 273819

2246839’ 132563501’239240 28441

5310523751’600 599 179101

85682097501"11991200

Not all groupings were investigated due to limitations of computer

capacity. For these cases, the study concentrated on a few

groupings in the neighbourhood of the correct cutpoints.

2865621991718201’

35641099’
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Results5.4.2

Univariate classifications5.4.2.1

An inspection of the normal score (NS) plots revealed that they

tended to give a clear indication of the number of groups, but actual

well as the number of data points.

For a given classification method, the frequency of correct

recovery of the original grouping in the data sets is presented in Table

the correct number of groups was determined and every observation

was correctly placed in the known group it belonged. Otherwise, the

classification was considered not correct.

Analysis of frequencies

Chi-square tests were carried out (using PROC FREQ of SAS) on

the observed frequencies. The tests indicated the following:

Size of groups influenced the recovery rate of the procedures.(a)

The probability of making a correct classification depends on the

= 19.7, p 0.001). It is evident from

Table 5.10 that in general, regardless of method, equal sized groups

were easier to recover than unequal ones. The overall recovery rate

was least for data sets that had the largest range between group sizes

(s2).

composition of the groups (/22

location of the cutpoint depended on how distinct the groups were as

5.10. A correct classification in this case refers to a situation when
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Table 5.10 Frequency of indication of correct and incorrect

classifications of univariate data sets’ (C and N

represent correct and incorrect classifications,

respectively).

Method of classification

LRT CA QBTNumber of

C N C N C N

g = 1 20 4

g = 2 24 0 24 0 18 6s.
22 2 20 4 10 14

g = 3 24 0 22 2Si
22 2 18 6
20 184 6

2222 2g = 4 2
1618 6 8
2020 4 4

Data sets include 4 replicates for each of the 54 factor 

combinations shown in Table 4.3.

groups

(g)

S3

S3

s2

s2

s2

S,
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Total frequencies of correct (C) and incorrect (N)Table 5.1 0a

classifications for different levels of s.

TotalSi

360126 78C 156

181842N 12

43296168 168Total

There was, however, no association between relative group(b)

sizes and method of determination. That is, the influence of relative

size was consistent among the procedures. In other words, each

procedure was exposed to the same influence of relative group sizes.

Even QBT recovered more equally sized groups in the case of g = 2.

(c) No significant difference was observed in recovery rates of LRT

and CA procedures. In absolute terms, LRT appeared to have

achieved more correct determinations than CA (90% and 83%,

respectively), but the observed difference was not significant (/2, =

3.2, p = 0.07).

(d) Number of groups (g) influenced their recovery with 94%, 88%

and 82% for g = 2, 3 and 4, respectively (x2

s2 s3

2 = 6.88, p = 0.03).
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There was, however, no association between number of groups and

= 0.43, p = 0.81).

(e) There was no association between number of groups (g > ) and

three factor interaction (gxsxmethod) significant.

(f) Number of observations (entries) din not affect the performance

of the procedures. The relative proportions of correct and incorrect

determinations were maintained at various values of n. However, LRT

required tremendous amounts of time and computer memory,

especially with large data sets, to be able to go through the entire set

of iterations.

(g) For the 2-groups model, where QBT was included among the

determinant procedures, the recovery rate for QBT was much lower

0.001) (see Table 5.10b).= 27.4, p

TotalQBTLRTCA

118284644C
262024N

1444848Total 48

Table 5.10b Total frequencies of correct (C) and incorrect (N) 

classifications by different procedures for the 2-group 

model.

than those of the others (/22

their relative sizes (/22

method of determination (%22 = 0.16, p = 0.92). Neither was the
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While CA and LRT recovered 92% and 96%, respectively, QBT

recovered 58%.

One advantage of LRT is its ability to almost correctly identify(h)

the 1-group model. This property has no obvious counterpart with

other procedures studied, except with NS plots.

It was further observed that among the incorrectly classified(i)

data sets with a large difference in group sizes (s2), there was a

tendency for the procedures to misclassify them into nearly equally-

splitting some bigger groups. This could have arisen partly from some

outliers in the simulated groups.

5.4.2.2 Multivariate classifications

CA and LRT procedures were applied to the simulated

0.6 & 0.9, use of RMI

was compared to using PCs. Combinations of p = 2 & 3 with n =

30 & 60 and g = 1,2,3,4 with the respective levels of s, were used

for the comparisons (see section 4.2).

Tables 5.11, 5.12, 5.13 and 5.14 show the frequencies of

correct determinations for r ® 0.9, 0.6, and 0, respectively.

RMI and standardised variables, while for r =

sized groups. In some few cases, more groups were created by

multivariate data sets. For r = 0, their comparison included use of
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Highly correlated variables (r > 0.8)

The results are summarised in Table 5.11.

Table 5.11 Frequency of correct and incorrect classifications when r

> 0.8.

Method of classification

Number of
CA (RMI)LRT (PC1) LRT (RMI) CA (PC1)

groups’

C NC N C NC N(g)

g = 1 3 21 2

P = 2 9 312 0 10 2 12 0s.

3 10 2 9 311 1 9

5 37 7 1 7 11

2 2g = 1 2 2

p = 3 102 1 1 1 21 1011s.

3 7 56 910 2 6

7 18 06 28 0

Results for g = 2, 3 & 4 are combined.

Frequencies of correct and incorrect determinations for the three levels

of s are given in Table 5.11a.

s3

s2

s2

s3
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Total frequencies of correct (C) and incorrect (N)Table 5.11a

classifications for different levels of s.

Totals.

211557185C

4525 91 1N

25696 6496

There were significant differences in the overall recovery rates for

= 7.8, p = 0.021). Frequencies of correct

determinations for each group size (s) by different methods are given

in Table 5.1 1b.

Table 5.11b Two-way table of method by level of s.

Method of determination

Size CA (PC1) TotalCA (RMI) LRT (PC1) LRT (RMI)

23 19 23 8520Si

19 16 21 7115

15 12 15 5513

57Total 47 59 21148

s2

s3

s2 s3

different levels of s (/22



206

No significant association was observed between relative group

size and method of determination. That is, the influence of relative

group size on power of procedure was consistent across the

procedure-index combinations. However, there were differences

= 1 2.1 6, p = 0.007), with both LRT and CA

using PC giving more correct determinations than when RMI was used

(89% & 73%, respectively). No difference was indicated between the

overall performance of CA and LRT (regardless of index adopted)

procedures.

Moderately correlated variables (0.5 < r <0.7)

Results are given in Table 5.12.

between procedures (/23
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Frequency of correct and incorrect classifications whenTable 5.12

r < 0.7.0.5

Method of classification

CA (RMI)CA (PC1&2)LRT (RMI)LRT (PC1&2)Number of

groups
NN CCN C NC

(g)

32 2 1g = 1

p = 2 1 5 72 6 6 1110

5 3 97 5 3 9 7

6 4 46 2 5 3 2

3 1g = 1 1 3

p = 3 10 2 9 3 12 0 6 6s.

9 3 3 9 5 7 4 8

6 2 5 3 5 3 3 5

Results for g = 2, 3 & 4 are combined.

I

s2

s2

S3

S3

Si
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Table 5.12a Total frequencies of correct (C) and incorrect (N)

Totals.

C 69 41 50 150
N 27 55 20 106

96 96 64 256

Table 5.12a gives frequencies of recoveries for different levels

of s. There is a significant effect of relative sizes of groups on the

recovery rate = 17.37, p 0.001). There is no association

between method and level of s (Table 5.12b).

A two-way table of method by levels of s.Table 5.12b

Method of determination

TotalSize LRT (PC1&2)CA (PC1&2) CA (RMI) LRT (RMI)

20 15 69 -23 11

16 12 54 (719

12 40 i10711

48 372553Total

s3

s2

s2 s3

163 .
___ i

classifications for different levels of s.
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No differences, either between CA and LRT, but both recovered

significantly more classifications with PC(s) (73%) than with RMI

(44%) (x2! = 12.16, p

RMI made more incorrect determinations than it recovered.

Uncorrelated variables (r < 0.3)

As indicated in Section 4.2, values of p = 2 and 3 were

considered with n - 30 and 60. Recovery frequencies for p = 2 and

p = 3 are given in Tables 5.13 and 5.14.

0.001). In fact, as implied by 44%, use of
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Table 5.13

< 0.3 and p = 2.

Method of classification

LRT* CA* CA (RMI)LRT (RMI)Number of

groups
C NC NN C N C

(g)

g = 1 6 6 2 10

10 23g = 2 5 911 1 7s.

2 4 89 1010 2 3

9 312 05g = 3 12 0 7s.

7 58 489 3 4s2

577 1 1 18 4 5

2101 1 18 4210g = 4 Si

3 4 810 92102s2

12 0 8 4579 3s3

The procedures were applied to standardised variables.

r

s2

S3

Frequency of correct and incorrect classifications when r
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Frequency of correct and incorrect classifications whenTable 5.14

r < 0.3 and p = 3.

Method of classification

CA'LRT' CA (RMI)LRT (RMI)Number of

groups
NCNCNN CC

(g)

2 105g = 1 7

6611 16 610 2g = 2 Si

4 810 24 7 58

5 73 3 9 33 3g = 3

6 66 62 4 2 4

7 54 2 3 3 8 4

4 81 1 1

6 611 1

8 6 64

The procedures were applied to standardised variables.

Results of LRT were not obtained due to limitations of computer 

memory and time. Subsequent analyses which make comparisons 

between methods (LRT & CA) will leave out the corresponding 

results of CA.

s2

si

s3

s3

s2

S!

S2

g = 4+
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There were no major differences in performance of procedures

when p = 2 or p = 3. Therefore the following discussion uses the

combined results. Different groups sizes gave the following

frequencies:

Table 5.14a Total frequencies of correct (C) and incorrect (N)

TotalSi

C 184 134 103 421

N 168 118 53 239

252 252 1 56 660

73%, 53% and 66% correct determinations were obtained for s1( s2

= 21.9,

consistent among the two procedures considered, with either the RMI

index or the standardised variables.

Major differences occurred in methods as indicated in the Table

5.14b (/3 = 38.8, p < 0.001).

classifications for different levels of s.

and s3,

s2 s3

indicating significantly different recovery rates (/22

p < 0.001). Like in the case of correlated variables, this effect was
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Frequencies of correct and incorrect determinations forTable 5.14b

different method-index combinations.

Method of determination

TotalLRT (RMI)LRTCA (RMI)CA

3867598871 26Correct

21374406930Incorrect

599149156 1381 56Total

It would appear CA and LRT, using RMI, gave similar results

(56% and 50% correct decisions, respectively), while a significant

difference between CA and LRT (regardless of index) was indicated

— 4.2, p = 0.04). Therefore, CA gave significantly more correct

determinations (78%) than LRT (60%). Apparently, standardised

forms of the variable, which recovered 76% of the original groupings,

retained more structure than RMI (53%) could reveal. The underlying

distribution may have contributed to this difference.

Effect of intercorrelations among variables

The overall recovery rates with different correlations among

variables are summarised in Table 5.15.

(X2i
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Table 5.15 Effect of intercorrelations among variables on

performance of procedures.

Value of correlation coefficient

r < 0.3 0.5 0.7 r > 0.8r

Correct 386 1 50 211

Incorrect 213 106 45

599 256 256

That is, 64%, 58% and 82% recovery rates for r 0.3, 0.5 < 0.7

= 37.8, p 0.001)). This suggests

that the best rate of recovery in multivariate data was when the

variables under study were highly correlated.

5.4.3 Discussion of results from the simulations

A major point derived from this study is that the performance of

various procedures was affected by the size of the groups (underlying

structure of the data), without any differential advantage for any

particular procedure. That is, the effect was relatively similar among

the procedures. Equally sized groups were easier to detect (recover)

and r > 0.8, respectively (/22
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both univariate and multivariate determinations.

A similar observation was reported by Marriott (1971), Scott

and Symons (1971), Sen and Srivastava (1975) and Milligan and

Cooper (1985), among others in relation to other uses of the

procedures.

Our results seem to suggest that groups among highly

correlated variables are easier to distinguish than those existing among

uncorrelated variables. And in this case, using PCs to effect

classifications gave better results than using the RMI. Standardised

variables also gave better results than RMI in uncorrelated cases.

However, RMI gave best results for highly correlated variables. Its use

has been associated with the assumption of independent and equally

important variables. On average, its use recovered 52%, 49% and

74% cases when correlations among variables were approximately 0,

0.6 and 0.9, respectively.

No differences between the groups recovery powers of CA and

correct determinations for uncorrelated variables than LRT.

In general, recovery rate decreased with increasing number of

groups (g > 1). However, when g = 1 the LRT and NS were the only

reliable procedures. The other factors - sample size (n) and number of

variables (p) - showed no major effects on performance of procedures.

LRT were indicated for correlated variables. However, CA gave more

than when a wide range of group sizes existed. This was true for
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There is probably no direct way of quantifying ease of use of

these procedures, but it must be noted that use of LRT involves heavy

computations that required large amounts of (or imposed excessive

demands on) time and computer memory, especially when large values

of n were involved. However, the present surge in computer

technology is likely to result in very powerful micro-chips and micro­

processors which, in addition to more efficient software, could remove

this computing drudgery. Moreover, its efficiency for the 1-group

model is worth the effort, especially if grouping is doubtful.



CHAPTER 6

GENERAL DISCUSSION AND CONCLUSIONS

The primary approach to selection, in our study, required the

development of classification procedures that would maximise

differences in resistance levels among the groups while minimising the

differences within the selected group.

In Chapter 3, the procedures which could achieve these goals

For single-trait selection, one procedure considered is a graphical

method in which observed data was plotted against its expected

values under the null hypothesis when certain distributional

assumptions hold. Visual inspection of the resulting normal score

plots suggested possible partitions for the genotypes. The second

procedure used cluster analysis techniques, while the third used a

hypothesis testing approach to identify optimum classification models

using appropriately selected test statistics. The multivariate approach

focussed on intercorrelations among resistance measures. PCA

generated indices (PCs) whose potential use for classification was

compared with some commonly used indices, including RSI, SHI and

Dobie's index of susceptibility (I).

investigated using two categories of real data described in Chapter 4.

In Chapter 5, the practical application of the procedures was

were developed. Three categories of procedures were considered.
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Further investigations and comparison of the procedures were made

through simulation studies. This involved evaluation of the procedures

using sets of data simulated with known groupings and determination

of the ability of each procedure to detect the groupings.

In this Chapter, we provide a general discussion of the results

and draw plausible conclusions from the study. Further investigations

will also be suggested.

6.1 DISTRIBUTIONAL ASSUMPTIONS

The results of the studies for various resistance measures

demonstrated the value of studying the distribution of the data prior to

other analyses. The commonly assumed distributions (for example,

the normal distribution for B-LF and C-LF) were found not to hold in

some situations. Transformations based on theoretical assumptions

could as well cause more errors than not transforming at all, while

empirical determinations would suggest appropriate ones, if required.

ANALYSES OF VARIANCE6.2

The ANOVA provided a general overview of variability among

genotypes, and perhaps the best estimate (the residual mean square)

of the background variation in the experiment. The pooled standard

error played a major role in the graphical method. However, the other

classification procedures did not make much use of the results.
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CLASSIFICATION PROCEDURES6.3

Single-trait6.3.1

Normal score plots6.3.1.1

The results amply demonstrated the value of the graphical

method in classification for resistance. The normal score plots, in

most cases, were able to provide an indication of the optimum number

of groups in the data. However, the cutpoints (class limits)

determined from visual inspection could be imprecise, having no

satisfactory and useful results when used with other procedures.

One advantage of this method over the others is that it utilises

the variability in the data (pooled s.e.) for the reference line. In fact if

variability within groups were the same, then the points, representing

entries, would all lie parallel to the line.

While other procedures were greatly affected by the relative

group sizes, NS plots were not. The groups would show up without

much interference as to whether some groups were large, even when

groups of 1 entry were involved. Further investigations would be

required to extensively quantify the usefulness of this procedure.

One limitation to the method, is that it would appear to be

sensitive to distributional assumptions. The method, and indeed the

others, assumes normality and equal variance. Failure of the

assumptions seems to have caused dramatic effects on the results.

measure of precision themselves. However, the plots gave
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This was demonstrated by the real problem data, especially variable

DH, where parallelism of data points and the computed line was hard

to achieve.

Otherwise, the method was found easy, simple and convenient

to use. Its previous application, as indicated by Plackett (1971) and

use of normal probability paper and tables

example, the tables only allow for a sample size of not more than 51.

An approximation adopted in this study allows us to handle larger

numbers of entries as is often the case with crop breeding trials.

6.3.1.2 Tests statistic

The LRT statistics plots, originally, in this study, meant for

locating the optimum cutpoint in the 2-groups model, proved more

useful as it provided information on the actual number of groups in the

data. In some cases, when distinct groups existed, the plot of the

test statistic values would suffice for the classification. However, as

with NS plots, the location of cutpoints tended to be fairly imprecise,

especially when large sets of data and non-distinct groups were

sharp rise and fall off, almost at the same rate, at the cutpoint, while

more groups were indicated by changes in the slope at various

positions, or angular shapes at the respective cutpoints (e.g. Fig

5.6b). This is a rather interesting result, because the primary use of

involved. A 2-groups model (e.g. Fig 5.10b) was characterised by a

Perry (1986), depended on

as those of Fisher and Yates (1963). These are quite restrictive; for



221

these plots was to locate the optimal cutpoint for the 2-groups model.

It appears the procedure has an inherent (implicit) detection device, for

if the plot suggested 3 groups, say, the same number was eventually

confirmed by the other procedures. In some cases the entire

classification would be indicated by the plot.

The ability of LRT (using g2w) to detect a 1-group model can

only be compared to the normal score plot procedure, which as noted

above, may not be as precise.

The QBT statistic has proved not very useful in this study. It

the statistic was in locating a single change point in various

processes. More studies would be required to find out the conditions

required for the statistic to be optimally useful.

One other point to note, which indeed generally applies to other

procedures, is that this procedure has a tendency to place the cutpoint

around half-way between entries it is dividing. Apparently the method

may be useful in subdividing entries into groups which are close to

equal in size. This may only apply when interest is in just reducing the

number of entries to about half the entire set. In such situations its

use may provide a better division than just ranking and selecting the

first half of the entries. This may require further investigation.

has no measure of adequacy of the 2-group model. Previous use of



222

6.3.1.3 Cluster analysis

model (null hypothesis) in its classification process. To this effect,

Arnold (1979) indicated that the procedure will proceed to group

observations even when there are no meaningful groupings. However,

inconsistency in the two statistics considered in this study seemed to

suggest the 1-group model. But, the same 'symptom' could also

suggest other alternative models from those considered (e.g. g> 10).

The method was easy to use, and fairly robust to distributional

assumptions.

6.3.2 Multi-trait selections

Procedures6.3.2.1

The points made on LRT and CA with respect to the univariate

procedures apply to the multivariate procedures as well.

Results indicated that the appropriate index or procedure to

adopt depended heavily on correlations between various measures.

Classification by LRT relied heavily on the data arrangement.

CA does too, to some extent, but the iterative nature of the

algorithm(s) allows for swapping and transfer of entries until

convergence is achieved. This may be one of the reasons why, when

considering uncorrelated variables where there was no natural basis

for ordering data, the LRT method was not as good as CA.

The procedure tended to give results similar to those of the LRT 

procedure. One major limitation is its inability to consider the 1-group
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6.3.2.2 Indices

Use of PCs as the basic variables for classification gave

promising results. Results of simulations indicated that for correlated

variables, using PCs recovered more classifications than when RMI

was used.

For data sets examined in the study, it was observed that

resistance measures could be highly correlated. As a result of these

relationships, substantial variability could be extracted by the PCs to

the effect that a few of them were enough to produce the necessary

classifications. This is an efficient way of utilising much of the

information about the entries. RMI, on the other hand, makes no use

of the underlying intercorrelations among variables and actual

variability among the entries.

The high correlations observed among indices (PC1, RMI and

SHI) in data set A resulted into similar classifications and selection of

entries that were largely resistant to all the damage measure. Lack of

correlations among variables (e.g. data set B), on the other hand

resulted into large differences in the classifications based on different

indices. In this case, use of RMI gave more meaningful results than

the standardised variables and SHI.

CONCLUSIONS6.4

The fundamental point that came out of the simulations is that

the best power of a given procedure was realised when group sizes
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were about equal. An examination of wrongly classified results

showed that there was a tendency to give solutions with about

equally sized groups. This was most prevalent with the use of QBT.

This situation is more likely to arise when the groups are not

distinct/disparate. To this effect, Scott and Symons (1971)

suggestion that some care should be taken in interpreting an analysis

if the resulting clusters were about the same size, is supported by our

results.

With the 2-group model, as was the case for data D-T, for

example, all procedures, including QBT tended to converge to the

same cutpoint, while they differed if the 2-group model was

inadequate.

While univariate procedures were sensitive to the underlying

distribution of the classification variable, multivariate procedures were

sensitive to correlations among the classification variables. Univariate­

based classifications may therefore result into misleading selections

when such correlations are not considered. With highly correlated

variables, use of PCs, RMI and SHI resulted into comparable

selections. With uncorrelated variables, the best results were obtained

using RMI.

Results obtained using LRT and CA were very similar.

However, LRT seems to be more precise, while CA is fairly robust to

distributional assumptions.

r
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Much as the procedures proposed in this study were meant to

be alternatives for solving the classification problem, they would

better serve as complimentary procedures. As noted from results of

the simulations, each would serve as a verification check for the

Since the procedures were distributional dependent, the empirical

determination of the underlying distribution of the classification

variables should be a procedural first step to classification.

Finally, the results obtained from the real data have

demonstrated that most conventional methods employed by

researchers in selecting genotypes could lead to enormous loss of

information and vital resources.

6.5 RELEVANCE OF RESULTS FROM THE STUDY

Use of the classification procedures that utilise the inherent

variability among entries, instead of rankings (even when the

difference numerically observed may not be real), is expected to

reduce subjectivity and thus improve objectivity in the selection

process. Maximising the variability between selected group and the

other groups is likely to ensure maximal and faster gain/progress from

selection since the primary objective, in the long run, is to improve the

level of resistance.

one technique be applied before deciding on the optimal solution.

others. It is therefore recommended that, where possible, more than
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Use of these procedures will reduce dependence on theoretical

values (e.g. fixed selection intensity, etc.) The selection intensity may

between the predicted and actual gains from selection.

Many previous selections have relied on standard varieties for

selection of new ones. As noted earlier (Section 1.5), this may be a

limiting factor to selection under varying conditions. The procedures

included herein will reduce dependence on standard varieties.

Use of PCA will provide an alternative to construction of indices

for use in the classification process. Its use is likely to solve the

difficulty in choice of, and dangers of using irrational, weights for

various resistance measures. This is likely to increase the

effectiveness of the classifications and thus the selections based on

them.

The results of this study, though developed in the host plant

resistance context, are indeed applicable to other fields.

SUGGESTIONS FOR FURTHER WORK6.6

In this study we considered resistance measures to classify

entries. Crop yield, which is the ultimate goal, is of paramount

importance especially at later stages of selection programmes. In

addition to classifying genotypes for yield potential, the investigator

will wish to select genotypes with some tolerance to the pest of

now be determined empirically. Perhaps this will reduce the gap

interest. Presently, there are no effective criteria for quantifying
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tolerance (Alexander & Bramel-Cox, 1991; Ajala, 1994). One

approach is to examine a function of loss in yield and level of damage

classification of the genotypes into tolerance groups and the

subsequent selection for tolerance. Future study in this direction is

environmental factors.

A combination the potential yield, infestation and damage

parameters as well as yield loss to come up with an index or indices

would be very appropriate. This could be effected by canonical

correlation analysis where yield parameters make one group and the

infestation and damage parameters the other. This approach may

result into better classification indices.

The comparison of various classification procedures may be

carried out by constructing an index that will determine how 'good' a

classification obtained by a given method is. This could take the form

of discriminant analysis function which may be used to determine the

actual gains from repeated selections made using different procedures

would further improve the validity of results obtained in this study.

Use of power functions would be very useful in establishing

work should include this approach.

probability of misclassification. This approach will require some

studies to develop appropriate functions. Comparisons based on

as a possible measure of the level of tolerance. This would facilitate

necessary. Further investigations should also consider the effect of

appropriate data transformations for resistance measures. Future
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APPENDICES

Appendix A1 Generation of bivariate normal variables using SAS.

OPTIONS LS = 78 PS = 30 NODATE NONUMBER;

DATA A;

KEEP X Y ZX ZY;

SA = 1.8; SA2 = SA*SA; RX = 0.9; RX2 = RX*RX;

SB = 1.5; SB2 = SB*SB; RY = 0.6; RY2 = RY*RY;

N = 30 MX = 10; MY = 5; LINK GENERATE;

N = 60 MX = 30; MY = 10; LINK GENERATE;

N = 30 MX = 20; MY = 8; LINK GENERATE;

STOP;

GENERATE:

DO I = 1 TO N;

X = RANNORd) *SA + MX;

Y = RANNORd )*SB + MY;

ZX = RANNORd )*SA2*(1 -RX2) + MX + RX*SB*(Y-MY)/SA;

ZY = RANNOR(1) *SB2*(1-RY2) + MY + RY*SA*(X-MX)/SB;

OUTPUT;

END;

RETURN;
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Appendix A2 Iterative generation of groupings of n entries into 3 groups and

computation of univariate LRT statistics.

10 CLS : CLEAR

20

30

GR = 3: RR = 0: NN = 040
50 DIM Y(EN)

INPUT "Data file name DF$60

OPEN "i", #2, DF$70

INPUT "Output file name FL$80
OPEN "o", #1, FL$90

FOR I = 1 TO EN: INPUT #2, Y(l): SU = SU + Y(l):100

SST = SST + Y(l) 2: NEXT I

CT = SU 2 / EN: TOSS = SST - CT110

PRINT "Total ss = TOSS: PRINT120

PRINT "No. of entries = EN: PRINT130

PRINT "No. of groups = "; GR: PRINT140
PRINT "Total d.f. =150

PRINT "Trt. d.f. = GR - 1: PRINT160

170 PRINT "Error d.f. = EN - GR: PRINT

180 PRINT #1, "Total ss = TOSS: PRINT #1,

190 PRINT #1, "No. of entries = EN: PRINT #1,

200 PRINT #1, "No. of groups = GR: PRINT #1,

210 PRINT #1,

220 PRINT #1, "Trt. d.f. = GR - 1: PRINT #1,

230 PRINT #1, "Error d.f. = EN - GR: PRINT #1,

240
250

REM sets generation for 3 groups

INPUT "No. of entries (varieties) EN

PRINT "iter Grp1 Grp2 Grp3

PRINT "trt ss", : PRINT "Error ss", : PRINT "F-Ratio", :

PRINT "R-square"

EN - 1: PRINT

EN - 1: PRINT #1,"Total d.f. =
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260 PRINT #1, "iter Grp1 Grp2 Grp3 ";

270 PRINT #1,

PRINT #1, "F-Ratio", : PRINT #1, "R-square"

280 DD = EN - GR + 1

290 DIM SZ(DD)

300 FOR CL = 1 TO DD

310 SZ(CL) = EN + 2 - GR - CL

320 FOR SET = 1 TO SZ(CL): NN = NN + 1

330 GT1 = 0: GT2 = 0: GT3 = 0: TRSS = 0
GZ(1) = CL: GZ(3) = EN - SET - CL:340
GZ(2) = EN - GZ(1) - GZ(3)
FOR I = 1 TO GZ(1): GT1 = GT1 + Y(l): NEXT I350

360 FOR I = GZ(1) + 1 TO GZ(1) + GZ(2):
GT2 = GT2 + Y(l): NEXT I
FOR I = GZ(1) + GZ(2) + 1 TO EN:370
GT3 = GT3 + Y(l): NEXT I

2 / GZ(3) -2 / GZ(2) + GT32 / GZ(1) + GT2TRSS = GT1380
CT: ERSS = TOSS - TRSS
TRMS = TRSS / (GR - 1): ERMS = ERSS / (EN - GR)390

PRINT USING "####"; NN; GZ(1); GZ(2); GZ(3); :400
TRSS / TOSS

410
420PRINT #1, TRSS, ERSS, TRMS / ERMS, 100

NEXT SET

NEXT CL430

PRINT TRSS, ERSS, TRMS / ERMS, 100

PRINT #1, USING "#####"; NN; GZ(1); GZ(2); GZ(3); :
* TRSS /TOSS

"trt ss", : PRINT #1, "Error ss", :
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Appendix A3 Iterative generation of groupings of

computation of multivariate LRT statistics.

CLS : CLEAR10

REM sets generation for 3 gropus20

INPUT "No. of entries (varieties) EN30

INPUT "No. of variables (traits) TR40

DIM Y(EN, TR)50

INPUT "Data file name DF$60

OPEN "i”, #2, DF$70

OPEN "o", #1, FL$INPUT "Output file name80

FOR I = 1 TO EN: INPUT #2, II: FOR J = 1 TO TR:100
INPUT #2, Y(l, J)
SU(J) = SU(J) + Y(l, J): SST(J) = SST(J) + Y(l, J) 2110
NEXT J: NEXT I120
FOR J = 1 TO TR: ME(J) = SU(J) / EN: CT(J) = SU(J) 2 /130
EN: TOSS(J) = SST(J) - CT(J): NEXT J
PRINT "iter Grp 1 Grp 2 Grp 3140

PRINT ”det(T) det(W) det(w)/det(t)150 phi"

PRINT #1, "iter Grp 1 Grp 2 Grp 3160

PRINT #1, "det(T)170 det(W) det(w)/det(t) phi"

GR = 3: RR = 0: NN = 0180

190 DD = EN - GR + 1

200 DIM SZ(DD)

210 FOR CL = 1 TO DD

220 SZ(CL) = EN + 2 - GR - CL

230 FOR SET = 1 TO SZ(CL): NN = NN + 1

240 GT1 = 0: GT2 = 0: GT3 = 0: TRSS = 0

250 FOR I = 1 TO GR: FOR J = 1 TO TR: GT(I, J) = 0:
FOR K = 1 TO TR

260 T(l, J, K) = 0: W(l, J, K) = 0: TRC(J, K) = 0:
WRC(J, K) = 0: NEXT K: NEXT J: NEXT I

FL$90

n entries into 3 groups and
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270 GZ(1) = CL: GZ(3) = EN - SET - CL: GZ(2) = EN - GZ(1) - GZ(3)
280 FOR I = 1 TO TR: FOR J = 1 TO GZ(1): GT(1, I) = GT(1, I)

+ Y(J, I): NEXT J: GM(1, I) = GT(1, I) / GZ(1): NEXT I
290 FOR I = 1 TO GZ(1): FOR J = 1 TO TR: FOR K = 1 TO TR
300 (Y(l, K) - ME(K)))
310 W(1, J, K) = W(1, J, K) +

((Y(l, J) - GM(1, J))
320 NEXT K: NEXT J: NEXT I
330 FOR I = 1 TO TR: FOR J = GZ(1) + 1 TO GZ(1) + GZ(2):

GT(2, I) = GT(2, I) + Y(J, I): NEXT J: GM(2, I) = GT(2, I) / GZ(2):
NEXT I

340 FOR I = GZ(1) + 1 TO GZ(1) + GZ(2): FOR J = 1 TO TR:
FOR K = 1 TO TR

350 T(2, J, K) = T(2, J, K) + ((Y(l, J) - ME(J))
360 W(2, J, K) = W(2, J, K) +

((Y(l, J) - GM(2, J))
370 NEXT K: NEXT J: NEXT I

FOR I = 1 TO TR: FOR J = GZ(1) + GZ(2) + 1 TO EN:380
GT(3, I) = GT(3, I) + Y(J, I): NEXT J: GM(3, I) = GT(3, I) / GZ(3):
NEXT I
FOR I = GZ(1) + GZ(2) + 1 TO EN: FOR J = 1 TO TR:390
FOR K = 1 TO TR

(Y(l, K) - ME(K)))T(3, J, K) = T(3, J, K) + ((Y(l, J) - ME(J))400
410

(Y(l, K) - GM(3, K)))
NEXT K: NEXT J: NEXT I420
FOR I = 1 TO GR: FOR J = 1 TO TR: FOR K = 1 TO TR430
TRC(J, K) = TRC(J, K) + T(l, J, K)440
WRC(J, K) = WRC(J, K) + W(l, J, K)450
NEXT K: NEXT J: NEXT I460
'determinant of a matrix470
FOR I = 1 TO TR: FOR J = 1 TO TR480
IF I = J THEN BT(I, J) = 1 ELSE BT(I, J) = 0490

* (Y(l, K) - GM(2, K)))

* (Y(l, K) - ME(K)))

T(1, J, K) = T(1, J, K) + ((Y(l, J) - ME(J)) *

* (Y(l, K) - GM(1, K)))

W(3, J, K) = W(3, J, K) + ((Y(l, J) - GM(3, J)) *
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IF I = J THEN BW(I, J) = 1 ELSE BW(I, J) = 0500

NEXT J: NEXT I510

FOR J = 1 TO TR: FOR I = J TO TR520

> 0 THEN 550530

540

FOR L = 1 TO TR550

WT = TRC(J, L): TRC(J, L) = TRC(I, L): TRC(I, L) = WT560

WT1 = BT(J, L): BT(J, L) = BT(I, L): BT(I, L) = WT1570

NEXT L580

QT = 1 / TRC(J, J): QQT(J) = TRC(J, J)590

QT1 = 1 / BT(J, J): QQTKJ) = BT(J, J)600

FOR L = 1 TO TR610

TRC(J, L) = QT620

BT(J, L) = QT630

NEXT L640

FOR I = 1 TO TR: IF I = J THEN 710650

QT = -TRC(I, J): QT1 = -TRC(I, J)660

FOR L = 1 TO TR670

TRC(I, L) = TRC(I, L) + QT680

BT(I, L) = BT(I, L) + QT690

NEXT L700

NEXT I: NEXT J710

FOR J = 1 TO TR: FOR I = J TO TR720

IF WRC(I, J) < 0 THEN 750730

740 NEXT I: PRINT "MATRIX IS SINGULAR": PRINT : STOP

750 FOR L = 1 TO TR

760 WW = WRC(J, L): WRC(J, L) = WRC(I, L): WRC(I, L) = WW
770 WW1 = BW(J, L): BW(J, L) = BW(I, L): BW(I, L) = WW1
780 NEXT L

790 QW = 1 / WRC(J, J): QQW(J) = WRC(J, J)

800 QW1 = 1 / BW(J, J): QQW1(J) = BW(J, J)

810 FOR L = 1 TO TR

820 WRC(J, L) = QW

IF TRC(I, J)

NEXT I: PRINT "MATRIX IS SINGULAR": PRINT : STOP

* WRC(J, L)

* TRC(J, L)

* TRC(J, L)

* BT(J, L)

* BT(J, L)
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830 BW(J, L)

840 NEXT L

850 FOR I = 1 TO TR: IF I = J THEN 910

860 QW = -WRC(I, J): QW1 = -WRC(I, J)

870 FOR L = 1 TO TR

880 WRC(I, L) = WRC(I, L) + QW

BW(I, L) = BW(I, L) + QW890 BW(J, L)

900 NEXT L

910 NEXT I: NEXT J

QQT(I): NEXT I920 DET = QQT(1): FOR I = 2 TO TR: DET = DET

930 DEW = QQW(1): FOR I = 2 TO TR: DEW = DEW

LOG(DET / DEW)))940 PHI = ((EN - 1) - (.5

PRINT NN; TAB(6); GZ(1); TAB(12); GZ(2); TAB(18); GZ(3);950
TAB(24); DET; TAB(36); DEW; TAB(48); DEW / DET;

960
TAB(24); DET; TAB(36); DEW; TAB(48); DEW / DET;

TAB(64); PHI

970 NEXT SET

NEXT CL980

TAB(64); PHI

PRINT #1, NN; TAB(6); GZ(1); TAB(12); GZ(2); TAB(18); GZ(3);

BW(J, L) = QW *

* WRC(J, L)

* (TR - GR)

* QQW(I): NEXT I



253

Computation of coefficients bj for the Smith-HazelAppendix A4

Index (SHI) for data set A.

piP

1.678 -0.043 -0.2401.469 4.509 5.305

-0.043 0.034-0.0174.509 46.563 23.233

-0.240 -0.017 0.0815.305 23.233 32.988

P ' GG

1.124 4.649 4.509 0.606 1.431 1.004

4.649 5.944 25.519 0.033 -0.435 0.287

4.509 25.519 22.813 0.016 0.850 0.328

a1 bi

1 3.0406 0.765
1 -0.1140 0.128
1 1.1933 0.692

and genotypic values, a is a vector of economic weights and b, is the

computed coefficient for variable j. Heritability estimates (h2) for each

variable are also computed.

h2
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Appendix A5 Computation of coefficients b, for the Smith-Hazel

Index (SHI) for data set B.

p-iP

0.2106 0.0003 0.0054 4.7646 -0.1408 -0.6278
0.0003 0.0204 -0.0023 -0.1408 49.3320 2.7524
0.0054 -0.0023 0.0415 -0.6278 2.7524 24.3306

G P G

0.2766 -0.0579 -0.14580.0538 -0.0126 -0.0294

0.5285 -0.2534-0.7101-0.0126 0.01 10 -0.0058

-0.7838 -0.1029 0.2555-0.0294 -0.0058 0.0104

a’1 bi

0.2550.07281

0.539-0.43501

0.251-0.63121

See appendix A3 for notation. *

h2
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