CHAPTER 11

LITERATURE REVIEW c\:

The genus Elaeis 1s derived from a Greek word elaion, which méN® oil. The o1l palm

'az An]erica., Africa and

{0 a rapidly

N
sla_\%?rica and
Ve beq%:i?l. Africa, but

alQh' and Indonesia.

2.1 HISTORY OF THE GENUS Elaeis

1s today grown commercially in South-east Asia, Equ

South Pacific. The high and increasing yields of the 0O

Imihav
(

expanding world ndustry, now based in the areay o

America (Rajanaidu & Jalani, 1994). Its originw

the most productive parts of the industrya sen

Wmn '

which provide most of the oil enter

: ngorld., 2012). As a
A

ck ttf%ﬂ(ﬂ on the West African

| cam;éﬁl the East via the island of

*cﬂli@ were planted and from there to

(é‘)yo then into Malaya 1n 1875 (Jalan,

8

where the genus FElacis belongs 1s

2 nﬁy Qf(;zowcring plants with fossils discovered 1n
\
Pmed) million years (Purseglove, 1972). Many plant
N

clieve 1t to be thg?ﬁrst monocotyledon to have branched out from

considered as as h

Cretaceous!

t:.lxnnnk

Ficotyledonous stock and as such, the progenitor of all monocotyledons.

orld production of oil palm products has always been impossible to assess
accurately owing to the quantities of produce that are not recorded, because they are

produced n groves, smallholder plots and farms, and used for the farmer’s domestic



purposes or sold locally (Oi1l World, 2012). Estimates suggest that world-wide
production rose from 2.2 million tonnes of palm oil and 1.2 million tonnes of kernels
in 1972 to 21 million tonnes of oil, 6 million tonnes of kernels and 2.6 million tonnes

b{isia and

[ndonesia, and to some smaller Asian producers. The production of mal has now

of kernel o1l in 2000. Most of this increase can be attributed to

overtaken that of other vegetable oils, apart from soybean oil. Th&Pextracted from

the o1l palm 1s of two types which are palm oil and palm kemel.Nlich 90 % 1s used

for food purposes and 10 % for non-food purposes (Jalani,

2.1.1 Evolution of Genus Elaeis

originated either in Africa or America

Arecaceae. It cannot be viewed 1n 1so

“gencra because ot high

degree of homogeneity among th alms (Dranstield et al.,

A

' @own as the African o1l palm

S1S,

2005). The first species of the ;_T E.

was described by Jacquin in ;,6>
@ibe
e

1wegnsts. This species 1s distinguished from £.
N

however doubted the classification as £.

A Wies Is E. oleifera known as the

s E. melanococca and applied by

(1

guineensis by 1its

_ ' W
oleifera hybr@*asily with £. gﬂﬁ%?cnsils* and the degree of divergence between the

two spe @1 justifies separation on a specific level rather than generic level. The

third g8 was previously known as Barcella odora, but was named Elaeis odora
by Wessels. Boer (1965); 1t 1s not cultivated, and little is known about it.

However, molecular markers indicated that inclusion of E. odora within the genus

Elaeis 1s justified (Barcelos et al., 2002): the genetic distance between E. odora and



the other o species of Elaeis was similar to the distance between the latter, and less
than the distance from Cocos nucifera, another member of the Cocosoideae subfamily.
The tourth species, E. madagascariensis, was described by Beccari (194 W‘s still
controversial. Some taxonomusts believe that these species is a varian & E. duineensis
which was introduced around the 10" century when Africa Wnce entered
Madagascar (Purseglove, 1972). The species is distinguished fromMNg cuineensis by its

: i: dl

1 shorter and the

ar SIWQ unded and

l)’ Q@pecies,

male flower in which the fused filaments of the stamin

anthers erect, instead of spreading at anthesis while the

surrounded by larger bracts. Uhl & Dransfield ( cognifed

namely E. guineensis and E. oleifera, the third s

(Trail) Trail ex Drude and the fourth QNEIS

Madagascar as mentioned above. For the

only be extensively focused on.

2.1.2 Morphology and Biolo 12enst. (Afr n Palm oil)

Elaeis guineensis 1s a large, pi ﬁ m;:, a solitary columnar stem with

short internodes. They \10

¢
C

L on t@f petiole and within the fruit bunch.

| @

r @eaﬂets on the rachis give the palm a

The separate up ' AN

character 1xt1 apye al Tl alm 1s normally monoecious with male or

female, thlmb% ITllXLd 111@'%01‘1065 developing in the axils of the leaves. The

ne on a large, compact bunch. The fruit pulp, which provides palm oil,

S a nut, the shell of which encloses the palm kernel.

The early descriptions of the o1l palm are listed in Hartley (1988). The only one of
more than historical interest 1s the botanical description by Jacquin (1763). He

described the palm from material from Martinique (to where it must have been



introduced); his description was detailed, but he described the flowers as either female
or hermaphroditi steriles and seemed unaware that flowers of the two sexes were In

separate intlorescences. The production of male and female inflorescences \eirst

recorded by Miller in his Gardener’s dictionary (London, 1768). ! %\

Betore the end of the eighteenth century Gaertner (De ﬁ*uc?’vm seminibus

plantarum, Stuttgart, 1788) gave a more detailed description Wgfhe flower parts,

| Izsc snces. Most of the

ge offtheay

ria oé the thin-shelled

recording that the male and temale tlowers are on separat
early attempts at classification of varieties were unsatis

very limited acquaintance with the palm, and no @

characters described. However. it 1s the first

lisombe palm, a name used in Congo, (‘cwn /

tenera fruit form and still employed 1n then {1m

authors have described them as cultivars, varieties, subspecies or races. Purseglove

(1972) believed that cultivars in the real sense do not occur in the species. He



therefore produced an infraspecific classification based on fruit characters, viz., dura

(DD), tenera (Dd) and pisifera (dd), without committing them to specific taxonomic

categories. Other author such as Whitemore (1979) debated the vario rms

idolatrica, tenera, deli dura and pisifera as varieties. As categories such Species,
variety or form may be inappropriate in the infraspecific classification o™he species,

the term race is proposed. Race 1s defined as a permanent var'ltw a microspecies.

This term may prove appropriate because, in the genetic sen! es ot a species are

eralg

capable of exchanging genes and this has been ampl

—

between the races of £. guineensis.

by -{ ght; kernel tends to
s@h’ dura 1s an ecological
“

mudsy ditterences such as kernel

N

I(L@)S %) and as such larger fruit

u-'cight: medium mesocarp contm
be large comprising 7 % ul

: ;EG@ fr
& latter™

variant of dura. differin

ocﬁ@mm—&nm thickness 1s an extreme

dura race. &
Race fel c%\()i yeadS Smm-<2mm thick. comprising 1 % - 32 % of fruit

nesaQrp content of 60 % - 95 %; fibre ring darker in

T

\(vcen dura and tenera 1s sometimes rather distinct

The dividing lin

\?l‘lﬂ“'n by the presence of a fibre ring in the mesocarp of the latter which is

diagnostic; kernel usually smaller, comprising 3 % - 15 % of fruit. The oil

-y .y -
content is higher at 24 % - 32 %.



e Race pisifera (dd): no endocarp, with small pea-like kernel 1n fertile fruits, but
predominantly sterile with fruits rotting prematurely. It has a much higher sex

ratio than dura and fenera and a significantly higher number of Spikemfen

when fertile, the fruit to bunch ratio i1s low; infertile paln %\ strong

vegetative growth.

2.1.4 Ecology and Morphology of E. guineensis

In 1ts natural habitat in West Africa, E. guineensis o

Raphia or, 1t alone, in fresh water swamps (Che

s’ aDs N from
| &

undistributed tropical rain forests, where there is ¢ itign est flora,
absence of light due to the forest canopy andgxce¥ive \c. ﬁot Survive or

. [t
regenerate 1n high secondary forests for\%ie reasom m@blera

ite temporary

flooding, 1f the water 1s not stagn: %ﬁer Sc\/?d " itions, E. guineensis
7 w, . : |

ral gg¥etation by man for their

_ pg'ui.gl\n pressure, oil palm reaches

yroves. In both wild and semi-wild

om to plantation conditions, where

O

'anhdequutely cared for (Corley &Tinker,

&

of semi1-wild £. %ncwmm groves in the lowland regions of Western

although physiologically, it lowers yields. The present knowledge indicates that under
plantation conditions, Elaeis cultivation can be extended from its natural habitat of

10°N and 10°S of Equator to 23°N and 23S, 1.e. between the tropics of Cancer and
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Capricon. This has been brought about by man’s deliberate planting of oil palm as it is

an important component of world’s vegetable oil supply (Latiff, 2000; Willy 2010).

[t 1s generally known that Elaeis thrives well between a mean minimum tr.'vature
\ormally

rly at night

of 20°C - 23°C and a mean maximum temperature of 28°C - 32°C

occur 1n tropical countries. If the temperature falls below this. particu

temperature of below 19°C, bunch development is affected yield reduced

(Latift, 2002). There 1s also evidence to show that a ten elow 15°C stops

ide range of
’ ‘T'
nﬁt;& - supply,

growth 1n young seedlings. In Malaysia, oil palm can

soils. It 1s found that adequate soil moisture is mor
which can be artificially supplied. In Pemnc;ul Sgreas are the

-nd the soils of

volcanic origin.

a}\

L

\
t's§l When the seed germinates,
Yy

(IW-por

%

3 dete}&"%d by the primary roots. The short-

)

L@gu roots emerging from the periphery of

>

1C ‘O
¥
Ots

d

Morphology

e The o1l palm has a typ]
the radicle emerges garou®
1s joined when @ W

C &
4
Leotyl

1¢ radicle continues to grow and

imary roots emerge from the base ot the
descend deeply from the base of the trunk and
y horizontally at varying depths in soil as the palm develops. They are
0 6mm-10mm 1n diameter and up to 20m in length. The secondary roots
are produced from the pericycles of the primary roots amounting to 2mm-4mm
iIn diameter ascending to the surface of the soil (Purseglove, 1972; Corley

&Tinker, 2003).
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e A trunk of an o1l palm 1s not visible until the palm is three years or so old
when the apex reaches its full diameter inform of an inverted cone. The base of

the trunk 1s about 60 ¢cm 1n diameter and the trunk is about 40 ¢cm 1n eter.

The rate of trunk extension 1s about 25 cm - 50 ¢cm per year. All palms
have a solitary columnar stem with persistent frond bases. ﬁtem of E.

guineensis 1s stout and despite the crowded steeply ascagdin® frond petioles

'qtmdhcrc to the stem
W ]E:men. The
ifI 2

bases, and then ultimately smooth. Frond bases pers

for at least 12 years and then fall away except &

stem measures between 22 cm to 75 cm 1in diamé

C
Lat | _f,*
'

an . a‘%;;ral rachis

._he%é. Only remnants

e The frond consists of leaflets. each with a T’Rﬁ a

to which the leatlets are attached. a

of the frond sheath are visible exicnal y. iu&?‘ond‘ the sheath 1s
S

'S

tubular and completely enclosg

stopped, the fibrous sheath g \Jn

both edges of the petio%lch arg
&}to 6.‘3

e,
?%t;, rous sheath. The leatlets are

O

K

Cyith a number of parallel veins on the

long, ranging from @ 100 cm. it 1s narrow with a width

from 2.5 ¢cm tog

N

the abaxial surface of the leaflets only. The

vapour, AskgdNata are situated

&

lea  arranged 1n two planes (Latift, 2002; Willy, 2010).

. 0] palm produces either a male or female or at certain stages a

hermaphrodite inflorescence in each of the frond axil during the mature stage.

An average female inflorescence may have more than 100 spikelets with over
4000 floral buds. The spikelets develop acropetally on the inflorescence. They

are about 30 cm long with 12 - 30 flowers on central spikelets and less than 12
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flowers on the lower and upper spikelets. Averagely, there are 700 - 1200
flowers per spikelet. Therefore, the total number of flowers 1s about 126000
and the number of pollen grains has been estimated to be in exce > 900
million with weight of 40 g per inflorescence. The presence 0@ frond

axils is an indication of abortion. The hermaphrodite inflores®ence in E.

guineensis 18 similar to that of E. oleifera. It has about 2 lets of varying

Y.'

lengths from 5 cm — 15 cm (Willy, 2010).
¢4y crop and
4

The o1l palm gives the highest yield of oil peragait ange

mel oy.
% b 4

1? "01

produces two distinct oils, palm o1l and pa

dq;@%m are
s
1llggseﬂlrvest111g of

on Q elets which are

O

| ’éc drupes of about 10
i

cthl‘%cl?\ycrs: exocarp (external

extremely important in world trade. The ti

ripe fruits 1s five to six months. The

spirally arranged to form a comp
kg — 90 kg in weight. The per:
ernal layer). The exocarp

layer), mesocarp (outer |

protects the fruit; the mESoPrp cogpans/h @il and the endocarp 1s a hard shell

containing the kcr@c

h ‘lmt' s th

2 &9
&

r the soft oily mesocarp has been removed

Rernel oil and the endosperm (Latiff,

2002: Willy, 2

e IR

f kernel. It may be 2 cm - 3 cm in length and average 4g in weight. Del
dura and African nuts are larger, weighing up to 12 g, and the African renera
nuts are usually 2 cm or less in length and average 2 g (Corley &Tinker,

2003).
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2.2 PLANT GENETIC RESOURCES

Plant genetic resources include the variation in crop plant genetic material that 1s

accessible for present and potential future exploitation (FAO, 1996). Tl&z;ation

contains diversity which can be found at the nucleotide sequences leyds, ;notypes

and alleles, and 1s required for the improvement of new cultivated vaw.s along with

contributing to the flexibility of existing varieties (Hammer et 2W3). Plant genetic

resources are significant basis of genetic diversity and co e t') food security.

Plant breeding 1s founded on the exploitation of geneti

crop species and varieties (FAO, 1996).

2.2.1 Genetic Diversity

L L]

these characters provide the varv n

species or populations (Crom tal., 1§99

@ﬁs

needs or conditions, gD
Hakannl S j_..;lo% %’el. i\"é\t?’y comprises the total genetic variation

present 1N a pagydNl1on or species. [@fhe differences within and between species or

%s‘ alleles and genotypes, caused by mutation and recombination.

rsity 1s the basis of selection in crop plants, it is essential for the

&

alld pr vide‘% insurance against unknown future

to adapt to changing env

N
3't0‘9§:1'(»ility of farming systems at the local,

O

varieties
Gen

development of new varieties by using novel combinations and traits (Preston, 2011).

In the field, genetic diversity among and between individuals and varieties 1s essential

for resistance to pests and diseases, as well as tolerance and adaptation to climatic
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conditions and changing climate (Preston, 2011). According to Newbury and Ford-

Lloyd (1997), maintenance of the range and magnitude of genetic diversity present

te the

™

within a taxon 1s a primary aim of plant conservation. Therefore, to f?ﬁ' g

conservation ot genetic variation for present and future use, and@) tablish a

baseline, the diversity of plant genetic resources, such as those 11eld$POB needs to

be characterized.

2.2.2 Characterization of Genetic Diversity

including life form, breeding system, seed dispegsal : dphyf ran¥¢” The overall
S

result of this 1s a higher level of genetic divw ulatié? and lower level

of differentiation between populations 1n

diversity within populations and hig

differentiations in inbreeding speﬂ&

diversity may be variable agme

and such as in ex-situ co WIIS (

rift,

cross pollination) and selective

effects during regencgw changes in genetic diversity and allele

L

Genetic divesggy has been ex Qd using, predominantly, three marker types:

S

morpho roteins and DNA based methods. Before the advent of modern genetic

tcc@ morphological markers were the classical method for characterization or
estimation of genetic diversity. These comprised a diversity of traits and
measurements that were recorded at all stages of plant development. Using
morphological markers confer many advantages and morphological studies are often

the first step 1n species studies and plant genetic resource activities serving to inform
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molecular studies as to where diversity may exist (Karp et al., 1997). Advantages

comprise the low cost and level of technology required, and the relation of markers to

traits of agronomic importance (Newbury & Ford-Lloyd, 1997). Y.

However, there remain limits to the usefulness or applicability O n¥rphological

markers, many ot which are met by molecular methods. Thcschc: the lmited

number of informative characters available. some of which MOW’ little variation

over material. The quantitative nature of their inheritancef{ Mgle "o‘ntly influenced by

k the

: -‘*wir(}n eny that?aay mas
N

ueé&;ates based on

ltivariate statistical methods

)) 01&

_L?stis. multidimensional scaling:

)1).

-

at

y O
2 9
&

ipffn@cmometrics 1s strongly related to the use of

The developrgn

computer \chcmistry. Chemometrics 1s the chemical discipline that uses

mathcgu®l and statistical methods to design or select optimal measurement
procedures and experiments, and to provide maximum chemical information by
analyzing chemical data (Matthias, 2007). Chemometrics is the use of mathematical

and statistical methods for selecting optimal experiments and extracting maximum

amount of information when analyzing multivariate data. Chemometrics can also be
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called multivariate analysis (Matthias, 2007). This 1s because the statistical method of

classification 1s usually by multivariate methods which include Principal Component

Analysis (PCA), Cluster analysis and Discriminate analysis (Oyelola, 2004).W are

\

all under exploratory statistical analysis. Wold and Sjostrom (1998) %reviewed

that one of the successtul area in chemometrics was pattern recognipasagnethod which
1s applied in both industry and academia. V

CS tJ_ seek the pattern

sed Tha¥pattern
| S
that j'o us on%mding the

\ NV
hi rou Q&bo ut natural

\afi t]emistry research
&hcmist has dealt with
ok 4:L-sel‘"'ul information. thus,

S

Chemical pattern recognition method often used in chemo

from the multivariate data. In addition, Gonzalez (2Q12) Nas @isc

recognition was part of Artificial Intelligence fi

83

similarities and variation from large data

chemometrics analysis to cxtm\ > MAN

he q ro mat(,gra

highlighted the differences u

rat

&,

variables. As a result, exp

of the main relationshi

T

used mathema Y tool for high dimension data analysis; that

provides ideline for how to reduce a complex dataset to one of lower

din@ity. to reveal any hidden, simplified structures that may underlie 1t

(Jolliffe, 2002). Although PCA 1s a powertful tool capable of reducing dimensions and
revealing relationships among data items, i1t has been traditionally viewed as a
“blackbox" approach that 1s difficult to grasp for many of its users because of its

coordinate transtormation from original data space into Eigen space. PCA 1s a method
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that projects a dataset to a new coordinate system by determining the eigenvectors and

eigenvalues of a matrix. It involves a calculation of a covariance matrix of a dataset to

minimize the redundancy and maximize the variance. Mathematically, PC AYRﬁned

\honomal

coefficients

as an orthogonal linear transformation and assumes all basis vectors ag

PCA 1s one of the most useful statistical tools for scre :nul ivariate data with

\ MaWass tMﬁt eder to

elecn?n ro am%&@oumbla et
\(PCS' to reduce the

otéerelated variables.

e ﬁéh the data set. This 18

matrix (Jollitte, 2002). PCA 1s concerned with finding the variai

of a dataset by finding the eigenvalues and eigenvectors.

significantly high correlations. Information from PC

identify limited traits for using in hybridization

{ an

-

al., 2013). The central 1dea of principal con on

dimensionality of a data set consisting Ie nu

(% var 1at

while retaining as much as possible

“h&@nmpal components (PCs),

@'ﬁe first few retain most of the

variation present in all of thc

variables that desc 1b&1 dy

PEéPCA tool 1s used to interpret the

S b(i@fn samples, thus, identifies which
. ,

0 st g0 a (ﬁs@ d difference or which variables were

variables mntrlbut

correlated. In s A if 1pst b@ workhorse of multivariate data analysis that

acts as fu tal technique ffhfa)ther methods in “The Unscrambler” (CAMO,

Basicalty. the principle of PCA aims to find the direction in multidimensional space
along which the distance between the data points is the largest thereby indicating the

maximum variance in data set. In other words, it constructed as linear combinations of

the initial variables that contributed most in making the samples different from each
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other, thus minimizing the squared distance from the line to each point of data set.

Data point was the representation of each sample in a data table, thus, the location was

1ch

1puted

determined by the cell values of the corresponding row in the table. TI

variable act as coordinate axis i multidimensional space. PCs

iteratively where the first PC contained largest information or most explain€d variance

while the subsequence PC contained less explained variance thanw us one. Based

on the geometric concept, a new set of coordinate axis

C 01m ed as shown 1n

n focus on

e "~ 1
A 0_& nan the

Figure 1 below where PCs were orthogonal to each other.

—

the first few PCs in the interpretation which contai

subsequence ones (Esbensen ef al., 2002; CAMO

Figure

L -

vVariable 2

Variable 1

Clustering deals with finding a structure in a collection of unlabeled data. A loose
definition of clustering could be “the process of organizing objects into groups whose
members are similar in some way”. A cluster 1s therefore a collection of objects,

which are “similar” between them and are “dissimilar” to the objects belonging to
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other clusters (Manpreet et al., 2008). Thereby, clustering is the grouping of data
items based on theiwr similarity. Cluster analysis is classified as unsupervised pattern

recognition due to the discovery of the data structures without pmviany

explanation as well as the pre-information about the data not bein':i'I % in the

classification (CAMO, 2014).

The goal of clustering 1s to determine the intrinsic grouping in unlabeled data.

owdthat there 1S no

th Mﬂl\v the

I

Il

But how to decide what constitutes a good clustering? It can
i 1, inwéu%h a way

absolute “best” criterion, which would be independgnt o
clustering. Consequently, 1t 1s the user, which must supWy this
\ N
that the result of the clustering will suit thc% S. &0 '1._tanc@?v~e could be
ar 1eous ghe

S @a reduction), 1n

interested in finding representatives for

finding “natural clusters” and describg

types), in finding usetful and suitabl& ping

unusual data objects (outlier detcti Mal#vrce

Figure 2: Clustering pattcn&\
%\ 3 o

Clustering can be n the form of distance-based clustering and conceptual clustering.

Distance — based cluster 1s when two or more objects that belong to the same cluster
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are ‘“‘close” according to a given distance. On the other hand, conceptual clustering
occurs when two or more objects that belong to the same cluster are defined by
common concept. In other words, objects are grouped according to t?'ﬁt to

descriptive concepts not according to simple similarity measures. %

2.3.2.1 Types of Clustering Y'

The Unscrambler software offers two main groups o clu?r'analysis which are

classified as non-hierarchical clustering (k-means a: hierarchical

cluster analysis (HCA).

K-means Clustering

The target of the clustering 1s to minimtA IQ
clusters along with maximizing the v;%it

random clusters (StatSoft, 2013). &

by the Unscrambler starts wc' th

defined & random clustersafvery df W

NP7 ) A
e ﬁm formed starting with &

Fu Q&
: ean&‘%stering algorithm provided
N

randorpizegPsqt gNmmples distribution between the

'
ste ‘@ntroid 1S calculated using averages

eory

tw@?"each of the samples to its centroid 1s

§ e |
ectiye Cju ers\@onsequently‘, the number of clusters & with
_ ol = o .

the shortest dug &g’ betweeth s@es to the centroid 1s selected by moving a set

of sample ‘Nmt particular & cluster. This nonhierarchical algorithm is repeated until

(k-means) method, th\t - dis

measured within I

there “Nge changes occurring and once the centroids have identified the natural

cluster of points (Tan et al., 2006).

K- median clustering

[n statistics and data mining, k-medians clustering is a cluster analysis algorithm. It 1S

a variation of k-means clustering where instead of calculating the mean for each
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cluster to determine its centroid, one instead calculates the median. This has the effect
of mmimizing error over all clusters with respect to the 1-norm distance metric, as

opposed to the square of the 2-norm distance metric (which k-means does.). !

nearest cluster center (Jain & Dubes, 1988; Bradley et al., 1997).

3
‘?'1

ta cuqae tO create
jately sglect 'bag(_)n the

application domain as well as base on the real-wggld af) ecaEl’: they can

Hierarchical Clustering Analysis (HCA)

HCA used difterent linkage methods along with specifj

clusters. The chosen of both factors need to be appr

Basically, HCA begins by tmatm;,

zlustmv

"nn ' lass then, proceeded by

- similarity until the clusters

As discussed earlier %\l
determined for tl: partrl re :tl

closest d1xt..u ence, the Unm@fbler offers several options for the distance

g @ amples into the same group based on 1ts

measures * n samples such as Euchidean distance, squared Euclidean distance,
istance and Chebyshev distance. Among these methods, Euclidean
distance 1s the most usually chosen in measurement of the distance between two
samples of the data sets that are suitably normalized by taken into consideration the

different between two samples directly based on the magnitude of changes in the

sample levels. The squared EBuchdean distance mtended to normalize the data by
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measuring the similarity between clusters where some variable may control the

distance between groups (Hoon ef al., 2013 and CAMO, 2014).

2.4 PREVIOUS STUDIES Y'

Principal component analysis and cluster analysis have been widema In various

studies tor delineating the variability in large group of genotRs.of many crop

species, some of which are outlined below: Yy

div~rw

N .
15(},{&& analysis

Shivani and Sreelakshmi (2014) assessed the ger indigenous

germplasm lines of saftflower using multivariate to mc1p l

revealed that 99% of the total diversity was expl

&Y.

was visible as well with no apparent lclat 1p wﬁlwa g )g'%.}phlcal origin.

principal components. The distribution of agc

In evaluating the variation in see d \ )
sativa L.) genotypes, seeds of %;t Afr

seed vigour traits in the L. IR y ay

farm of Federal me@mt Agr'*
&

subjected to principg 1p01plg_jﬁly @d clustering analysis. The first three axes
T
of the PCs ..u,l\ > two scasom@tmcd 86.34% of the total variation. Cluster

analysis clasa@® these genotypes into four distinct groups based on germination and

emergenc centages. Those characters identified by PCA could be included in the
crop improvement programme for mimproved seed quality within West African low

land rice germplasm (Adebisi et al., 2013).

Genetic diversity based on cluster and principal component analyses for yield and

quality attributes in ginger was studied by Ravishanker et al. (2013). Through cluster
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analysis, 25 genotypes were grouped into five main clusters while first six PCs with

eigenvalues greater than one accounted for 76.19% of the total variability:.

The comparative study of cowpea germplasms diversity from Ghana ai 11 using

morphological characteristics was carried out by Doumbia et al. ( O@sult from

PCA 1ndicated that first PC explained a total variation of 72 05% hile UPGMA

¢ ;101'18 studied were

11akto e ch other.

"

showed that at 0.97 level of similarity, almost all the 94

distinct from each other while at 0.95 levels, they were s

Muhammad et al. (2013) utiized PCA and clustgr an?
divergence in indigenous spinach. Results ¢
contribution of the first three PCs reflected % & 0

0
grouped the spinach genotypes mnto four m

In the research of WeldeMicheal %’

ve genetic

I

1at ‘he cumulative

@3' cluster analysis

&

of collection origin.

arabica L.) accessions were ¢ d
I
information on genetic diversity The Lyped 1&8} was conducted in simple lattice

design with two ra.phua@ i pu@aqon by superimposing on six years

old coftee trees ai 1

Jm(j?n coffee shade tree (Sesbania sesban)

6% characters were recorded. The analysis of

Utatl

conditions. Dat
variance sh significant var}tlon among the accessions for all morphological
traits. wows the existence of variability among the tested materials. Cluster
analysis @ouped the 49 germplasm accessions into five clusters which make the
accessions to be moderately divergent. The distances between these clusters are highly
significant (P<0.01) which suggested a suitable hybridization program is possible.

Principal component analysis showed a variation in the first two principal components

which is explained by the larger share of the observed variation.



Ajmal et al. (2013) used multivariate analysis to study the genetic relationships among
wheat germplasm comprising of 50 genotypes. The first three PCs with eigenvalues
oreater than one contributed to 70.59% of the variability amongst gﬂ%w s while

cluster analysis set apart the 50 genotypes into 5 clusters based on \’% method.

Principal component analysis was done by Lohani et al. %z to estimate the

variability mn germplasm of potato. The PCA of 54 ypo renotypes based on

that % components
®

an Clypter ¥ ys&:ised on

correlation matrix of agronomic and quality traits

explained 96.25% variation. Non-hierarchical Eud

luste

verldbning
b NV

In %&tion of Iranian

_ rgkoQogical characteristics.

i}valuatcd in a completely
1@ the characteristics studied, a

-

umber of seeds (197.58), plant

101 .

PCA grouped the 54 potato genotypes into sev

randomized design with eight to

high coefticient of varia@QLek I obsegved ot t

4 &

28). ster analysis using Ward’s method

yield (57.56) and shg

O
Jto f@' groups. PCA using 18 agronomical and

2 ©

a@d\at the first two principal components with

ac{o%i-'d for 74.5% of the total variance. Both PCA and
5

classified ten popyl™

morphological,

4

cigcm'uluc:&c than o

wms result were consistent which displayed a considerable diversity of

cluster

ical and morphological 1s useful in germplasm management.

[n order to reveal the underlying association between agronomic traits of spring
wheat in eastern region of Qinghai Tibet Plateau, Deyong (2011) used partial

correlation analysis, PCA and cluster analysis to study the relationship between yield



grain and agronomic traits. PCA was able to indicate genotypes with high-yield

potential and the varieties were grouped into 14 groups through cluster analysis.

Sanni et al. (2010) studied on the variability of 434 accessions of rice germpl M;n

Cote d’lvorre and evaluated 14 agro morphological traits in upland consk§onTusing

experimental design and analyzed with multivariate methods. The remuggested
that traits such as plant height, leaf length, tillering ability, numbeg NS to heading

and maturity, panicle length and grain size were the p

d'scriminatory

characteristics. The result ot PCA indicated that first thre

58.41% of the total variation among the 14 character died.

were obtained using the unweighted variable pair Q met]
cluster analysis. \(

Multivariate statistical analysis was ug

phonotypical variability and genetic c\

_ NS .
cluster analysis and PCA showgd Wequ:,e grgu 1@ accessions according to

gc AN PN cg@anents with eigenvalues larger

phenotypical data and known ped:

than 1.0 were extracted W des

- \ ¢
while cluster analysis 10%cd ur 1

Phenotypic di\'c: wl " quanti
‘Nl

sions were characterized for 67 agro-morphological traits and the

0 0 @ variability of the original traits
Koy
nfluet)e .
S

wg andWualitative traits in a collection of pepper

S
germplasm terent areas of Thkey was assessed by Bozokalfa et al. (2009).

gal traits were subjected to PCA followed by hierarchical agglomerative
clustering. The first six PC axes accounted for 54.29% of the variance among the 48

accessions and their lines while seven groups were created based on morphological

and agronomic properties.
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Peerasak et al. (2009) evaluated genetic variation in cultivated mungbean germplasm

to assess the extent and pattern of their diversity. He evaluated 9 qualitative and 21

quantitative traits in 340 diverse cultivated mungbean accessions wllede@

world vegetable center, Taiwan. The germplasm displayed a wide range 3 rsity

for most of the traits evaluated. Cluster analysis grouped the germplasg into™> major

and 1 mmor cluster. Principal component analysis revealed that w three PCs

explained 74.9% of the total variation. It 1s recommended thag e plasm from west

bea

Asia be exploited more 1n cultivar programs. The results P myl 1eeders

@
he desfrable cl'aracﬁ.

\r‘?
pp %& npalsm,

‘oEllected from

6[’%
SICT

QRC?

Siomident 4 accessions mnto &

a@ environmental factors

> most promising accession

choose the right combinations of parental genotypes carryg}

[n the study of genetic variability of some quality tW .

66 accessions representing eighteen species of @Js
different regions evaluated for variatio m

coefficient of variance values for each ac

analysis of

groups. High variability was attrlbu 1C

exhibited at both inter-speci "ic%c specltic |

for breeding programs was&&n Us

N
&

mmour et al., 2007).
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