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2.1 Origin, Taxonomy, Botany and Development of Oil Palm

2.1.1 Origin z '
The origin of the oil palm is believed to be in Africgg morereci ely\odrvth\ ulf
of Guinea. Wild and semi-wild palm groves are% a coagtal @it r'er{a’é from

the Northernmost Senegal region through SierWe, I}bﬂ vory @ﬁst, Ghana,
Togo, Benin, Nigeria, Cameroon, and ENple’s c of, Cengo up to the

Southernmost Democratic Republic ofNo awi TheQﬂer of origin and
diversity of the oil palm appears %ncgm;'y
U%ey

e @cal forests of Nigeria,
Cameroon, Congo and Angol&

e, 204Q; C Ie‘;/@ker,ZOOS).
4 N

LITERATURE REVIEW

The oil palm was intr ucean SoutfgeastyAsqa i 48, when four seedlings were
Sy & : : .
no B@tanic en in Java (Indonesia). Materials

planted in Buitenzo&( B b&)\

derived from thiwuctio erefSed tq@)lish the first plantations in Indonesia

and Malaysia@o- oft

- g.al.,czylz; Rajanaidu, 1994). The center of major

producti %pal? ow}e 1S outh East Asia with most production realized

in Malaysia®hd Indonesia. B

o

t ntries contribute about 85 % of the world palm oil

N

pgwon (Rivas et al., 2012; Wahid et al., 2005).

S



2.1.2 Taxonomy

The oil palm is a tropical perennial monocotyledonous tree plant. The Gen&ge IS

from the Greek work “elaion” meaning oil and “elaia” meaning olive.ﬂ%entiﬁc
2

classification of oil palm is as follows: (Ngando-Ebongue et al., Zgl ; Dransfield et

al., 2005). \'
Kingdom: Plantae q '

Division: Spermatophyta \d‘ Y'

N
Subdivision: Monocotyledonae é ' -\(')
P 4 \,Y'

Order: Arecales z \ g
Family: ArecaceN)

Subfamily: Are % OA\VQ"‘;\(\
&
Tribe: f\;sea ¥ %\A
laei

—X

' A
2.1.3&@ g b')t\q;\

1 m is a diploid (Chromosome number of 2n=32) oleaginous tropical perennial
Dransfield et al., 2005). Elaeis guineensis is a feather palm with its stem topped
035-60 pinnate fronds borne on a columnar stem. A 20-year oil palm would be about

12 m when the height is measured from the ground to base of frond 41. Oil palm



produces about 2-3 fronds per month in a regular sequence and each frond consists of
a rachis and petiole. The petiole is about 150 cm long and 300-400 Ieafwme
attached to the rachis. Each leaflet is around 130 cm in length. Oil palm is@ious
and allogamous, producing separate male and female inflorescences o me plant
in alternate cycles. The duration of each floral cycle fluctuates\greatly, largely
influenced by genetic and environmental factors. Although r@us, it is largely

cross pollinated (Verheye, 2010; Corley & Tinker, 2003; au etrl., 2000).

The inflorescence is a compound spike carried on g stoutNpedulcle.

I.e. 700-1200 flowers in male as compar M%O ?I‘)w n th ale spikelets.

spikelets but the number of male and female W pe?‘sp& @ﬁ/ variable,

The flowers are bisexual but in ‘male e s@s su sed while in the

‘female’ flowers the stamens are %Opad%e ua of pollen (ca. 30 g to
% q
40 g) is produced by each ma\ escen ﬁ
N
zﬂ palmyi

It has been establishe(that i Iy@ t-pollinated especially by the
imported weevil, E% iwis he&
receptive for 36 1&48 r. ' fl

and there ma%\ inferfal gp' tocfg(h}r weeks between the initial and the last

flushes, &me 1?) ers %t es@aithin the first week (Verheye, 2010; Corley &

4

Tinker 00U Rajanaidu et al., ; Rajanaidu, 1999)

%\ o
2.8 Itivars and Classification

:.

& . At anthesis, a female flower is

r Wi@] inflorescence anthesize sporadically

ording to Verheye (2010), cultivars of oil palm in the strict sense do not occur. As

the oil palm is monoecious and cross pollinated, individual palms are usually



heterozygous, clonal material cannot be made. Classification of cultivars is based on

fruit forms and fruit types. T
2.1.4.1 Classification Based on Fruit Colour :%

The differences shown by fruit colour are caused by a monogeneti itance. The
variation in fruit colour is an important indication of carotew ent and some

recessive plants do not produce carotene at all. The si!%tion of fruits of E.

guineensis on the basis of the colour of their exocarp llows:WNigresgens which

@
is the most common are unripe fruits, deep viole black aff the ei< a% ory

Ky

coloured towards the base. They also have the high aroter?i congents.

The Nigrescens are of two types: RUbO-W w ipe f deep reddish
orange with brown cap on the upper le the oth uti@‘ﬁ;rescens are ripe

fruits paler orange with black cap (%upper h\Me @e unripe fruits green
which ripen to a light reddis@ i ﬁs n@p, anthocyanins little or

with smallybree

absent. $
z 'S
The last type are the es@ens Whi eft(rgg}ely rare, unripe fruits deep green,

ripening to pale yﬂ&%f ivod/ witblacki green cap in the upper half; little or

\
no carotene pfmcor yﬁﬁkelﬁ /L atiff, 2000).
In aﬁ&x to differentiatio \{heir fruit pigmentation and characteristics, dura,
@ and tenera are classified according to endocarp, or shell thickness and
esocarp content. Fruit of the dominant homozygote dura (Sh+ Sh+) have 2-8 mm

ick shell (endocarp) comprising 25-55 % of weight of fruit, medium mesocarp

s ——

content of 35-55 % of weight. The heterozygote tenera race (Sh+ Sh-) has 0.5-3 mm
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thick endocarp comprising of 1-32 % weight of fruit, medium to high mesocarp
content of 60-95 % and the recessive homozygote pisifera (Sh- Sh-) are femal?&
and have no endocarp (shell less) and about 95 % mesocarp. The tenera is@.ﬂt of
hybridization between dura and pisifera and is of high commercial *(Ngando-

Ebongue, 2012; Verheye, 2010; Corley & Tinker, 2003; Teoh, 2002).

NV

2.1.5 Oil Palm Breeding and Development Yv

The earliest record of palm into Far East Asia r seethed in a
2
botanical garden 1848 in Java in the Dutch East Wagies. Twoj of t 57 WE} rom

Amsterdam botanical garden, the other from Bogor auriyu in Yrdian Qeean. The
N

\Nf plan 'Tmaterials in

palm that sprang from these seedlings form% tire S

Malaysia (Okwuagwu, 2013). \% 0‘

2.1.5.1 Oil Palm Breeding in Mal% \_\_?
@

.
Oil palm is currently the mo tant p ti cro&i&lalaysia, and since 1971,
Malaysia has been one of t 1d’s 'arge Iodsc%}md exporter of palm oil. Deli
dura, is the breeding pEopu'tion i

u\ é&gj the commercial programmes for
hybrid productiop@)alml} jons i

lantadions i laysia and elsewhere. The Deli dura
\
provided the Non f‘riler(_gq)lanting materials for oil palm industry in

Malaysia 1 |delymseyo see duction and genetic improvement programs
(I&shal?rzoog; Teoh, 2002; Kushairi & Rajanaidu, 2000).

in Ma d Indone
&’

Ta wifera palms are predominantly female sterile, where bunches do not develop

A
N

,
b o
D
<

nd the stage of anthesis. They cannot be exploited for commercial planting,
Wstead they are used as the male parents in dura x pisifera (D x P) crosses to generate

the tenera hybrids. This was made possible after Beinaert and Vanderweyen (1941)
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showed the monogenic inheritance if the shell gene. Since then, the tenera has been
used as commercial material in industrial plantations throughout the Worl
discovery was the cornerstone that revolutionized the oil palm mdustr@n
productive D x P or tenera planting materials (Ngando-Ebongue, 2 shairi &

Rajanaidu, 2000).

mesocarp and kernel. As a result of breeding and

nopav.on
ec!xl -éfa’ﬁs (PS

velop 1 (dwarf

car&g E. oleifera),

bun@ndex) PS8 (high

board (MPOB) had developed various breedin lations

series) using the elite dura and pisifera. To dWO

palm), PS2 (high iodine value), PS3 (Ia@ N, P%\d
PS5 (large fruit dura), PS6 (thin shell a), PS7

vitamin E), PS9 (Bactris ga3|p 0|I %%I

(high carotene E. guineensis) hlg )?@3 (low lipase) (Kushairi,

2009; Teoh, 2002). Yv ,
I
2.1.5.2 Oil Palm Br d|n

When plantatio ad pan ‘Jth I‘f}%ﬁ@la Nigeria was still depending on the

wild grove Z'Ottcggwtury, Nigeria found it necessary to have
N

researc to &f :plan@n technology and by 1922, genetic selections

e on the wild grO)Q,\'By 1939, Nigeria institute for oil palm research

( ) was established, where all the genetic materials were assembled, evaluated
developed into a plantation crop (Okwuagwu, 2013). Oil palm breeding
rogramme in Nigeria started in 1939 at the oil palm research station (OPRS) which

later became WAIFOR, then NIFOR main station. The breeding programmme has a
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relatively broader range of materials compared with other centres worldwide. NIFOR

obtained materials from palm groves and through international exchange progr%?ﬂ

Among notable germplasm prospection made by NIFOR was in 1960 3%3 The
one made in 1973 was in collaboration with the Malaysian Agricultural ReSearch and
ati

Development Institute (MARDI) (Okwuagwu, 1986). The fo% materials of
NIFOR breeding programme were based on mass selection o a and dura grove
palms, where 12 palms at Calabar, 11 palms at Aba and al slat Ufuma were
selected. Current materials in breeding and seed prgductiOW are foase Iy \Q?-the
selection and introgression of eight dura par%ﬁna&n fr O{)%Q;)Delta,

I dur rces from

Calabar, Aba, Ufuma, Angola and Ecuador, a?ﬂas ﬂﬂ\D
Serdang, United plantations IRHO (ex P@ex@nd @lg (Corley &

Y

Tinker, 2003; Kushairi & Rajanaidu, 20 O

A
£

2.2 GENETIC RESOURCES ’ ?

< G E
Genetic resources can be dai all piteria tha@vailable for improvement of
a cultivated plant spec smann €t al.£9647®could also be referred according

L &
g%ebmbinations, or genotypes available

for the genetic w en Iant@

)

It has gen@wen regognged th narrowness of gene pools has been a major
St
r

ection png eé in‘Q‘H palm (Arasu & Rajanaidu, 1975). Due to the

to Gepts (2006) as um tot’

D
w

%

4

obsta:
namgQwW of the oil palm ge?{'o. pools, voices were raised by many organizations for

%ed to enrich genetic variability in oil palm from their natural environments

Oajanaidu, 1994). According to Corchard et al. (2009), the amount of genetic

diversity and understanding of the genetic structure of natural oil palm collections in
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relation to breeding populations are guides to the introduction of new materials in the

base populations of breeding programmes. Rajanaidu and Ainul (2013), als

that the knowledge of genetic variability and relation among oil palm g@m is

essential for selection of promising materials and also the pres&[ genetic

variability in germplasm helps to increase the breeding efficiency, régflting in higher

selection gain. \'
It has been stated that until a collection has been properly @vilgate Jnd itg attributes
become known to breeders, it has little practical useySapeWet alj, 2012 tleli@nko

et al. (1998) also postulated that in order to optygi®e and accgler br'eeé(;é it is

essential to screen, evaluate and classify thWti M’Q ity awv. le in the
germplasm. The author maintained that %&ariabil i spec'ﬁmportant for

collecting, maintaining ex-situ and st reso@es in germplasm

lagt geneg
program. Collection, conservatio alta i pcém offer an opportunity
of exploiting advantages of\ I dig} qcr provement (Thomas &
Mathur, 1991). Yv , %\

N
2.2.1 Germplasm C@i \'. “(Sl

The role of ger@ of Qplar@ﬁs been well recognized. Germplasm is
¢
o [ sk is?

the total g ol of €or*e§t|ng of landraces, advanced breeding lines,
\

populargu i%s, wild yeed latives. It forms the raw material for any crop

im

pﬂ&ent program (Upa@a et al., 2010). Vavilov (1951) was the first to
reEXe the importance of genetic diversity for crop improvement and organized
Q sive germplasm collections of various crops from their ‘centers of origin’ and
istribution for conservation. Since then the germplasm collections of major crop

plants continued to grow in number and size in the world.
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According to Marshall and Brown (1975), the objective of germplasm collection is to
gather maximum amount of genetic variability in the minimum of sampl
germplasm collection of any crop consists of diverse types of collections % ose
derived from centres of diversity, areas of cultivation and breediﬂ*grammes
(Thomas & Mathur, 1991). Okwuagwu et al. (2011) reported Me need for
extensive germplasm collection to broaden the base of the oi Weeding material
%vanli closely related

and to safeguard crop vulnerability, inherent in growing ofghifo
cultivars over wide areas has become imperative. \d
Y

N
In the case of the oil palm, due to its narrow gen se, MPOB ergfige m\erles of

s .
d‘iﬁg\ erials different

m n, %2 (Congo DR),

germplasm collection expeditions to gather oil

countries in various part of the world, eMria

Tanzania, Madagascar, Angola, Senegal’ eoneNuinea and Ghana.

\ iy
The allied species E. oleifera a plad r s:cg\l-icaragua, Costa Rica,

q
Panama, Colombia, Brazil, & e ag}r (&(&iri, 2009; Hayati et al.,
2004; Rajanaidu, 1994; Rw lang 994)$W0 to thirty-two palms were

& Pa
| O
collected and the numb ites visjfed.i @ngry depended on the distribution and

(%2]

density of naturah&moves.l
\\, o
In 1973, MA% NIFOR i y'ab&'alon collected oil palm genetic materials at

45 sites {&Hver}g Ir@er site and 200 seeds per palm. A total of 919
a

(595 nd 324 teneras) @:hes were harvested (Corley & Tinker, 2003;
NS

idu, 1994; Obasola et al., 1983). Some of the outstanding planting materials

the Nigerian collection have been used to initiate and develop an entirely new
anding programme (Rajanaidu, 1994).

EJ
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2.2.2 Germplasm Evaluation

Germplasm evaluation, in the broad sense and in the context of genetic re{gs, IS

the description of the material in a collection. It covers the whole rang: %ivities,
thes

starting from the receipt of samples by the curator and growini for seed

increase, characterization and preliminary evaluation, and also for fuffper or detailed

evaluation and documentation (Maji & Shaibu, 2012; SapelevZOlZ; Thomas &

Nd.

After collection of germplasm, there is need for its'@ygtematic gvalu 07 ing&; to

Mathur, 1991).

know its various morphological, physiological and Iopmg]t c acteIYand other
N

special features such as stress tolerance, pgst anzdisea ¥stance R"(Thomas &

Mathur, 1991). The evaluation invo% ing
which interact with the environmeﬁ (Upa h%* }f\&Sapey et al. (2012)
collected oil palm germplasm in th ergregiqn th&%for evaluation. Data on

“ &

stem height, bunch weight, bu gth epth..@ﬁch diameter, bunch width,

bunch spine, bunch stﬁ wewWght, fruitfleng a‘n@h were recorded in-situ while
hell 4@ f

'S
mesocarp, kernel ang s

m fgkgagronomic traits

7

rui odfVere ¢ uted.

Okwuagwu et a\%) co urtefféff palm accessions in ten locations from

¢
the highlan agjof AfikpQ,i £te0?igeria. Data on stem height, bunch weight,
N

bunch I% nch nchsRine length, bunch stalk weight, fruit length and
wid e also evaluated am@éorded in-situ while mesocarp, kernel and shell to
fr fos were computed. Okoye and Okwuagwu (2008) have also evaluated the

& rmance of 51 D x T inter-population progenies, derived from the second cycle
odified reciprocal recurrent selection (RRS) breeding programme of NIFOR. Data

on number of harvested bunches (BN), single bunch weight (SBN) and fresh fruit
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bunch (FFB) yield was collected in order to estimate variability among the progenies

and to identify the best performing progenies for introduction into the Iocalitwele

they conducted the experiment.

For the MPOB-Nigerian germplasm, detailed data on yield and its cgm onehts, bunch
parameters, vegetative characters, physiological parameters and fatty a8d composition

have been collected (Rajanaidu et al., 2000). Rajanaidu an 1988) as well as

ic m‘iteria in detail.

Base on the performance of populations and famili i po i ehte @lms
e . §
have been selected on traits for high yield and d sS, high valueid high

kernel content (Rajanaidu et al., 2000). Y’ \ Y\J

2.2.3 Germplasm Utilization \%
The potential of a germplasm sam;%largely \Bfwwn Jﬁg\ime of its collection

Rosenquist (1990) evaluated the performance of Nigeria

N
and a number of desirable c% ar ﬁldent ied Wﬁver a diverse group of
germplasm samples are e ancls een (T@ & Mathur, 1991). The oil

palm germplasm at th n eyal tEth is being utilized in a number

of ways. About 3 § eras i réllection had oil yields comparable to

c@‘?of the extremely outstanding Nigerian

teneras hay; %)rog y tes &itl@ ange of Deli dura available in the industry
N

and MR pisfeﬁj he YN!é?rian collection too are progeny tested to study

thei%ining ability with Dghsgfuras (Rajanaidu, et al., 2000).

\

OB germplasm materials are also used in broadening the genetic base of the

0“ duras and teneras. The outstanding dura and pisifera palms from the Nigerian

collection have also been used to initiate an entirely new breeding programme, with

current plantingggnateWals,
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the objective of producing superior alternatives to the current Deli duras and modern
pisiferas. MPOB also embarked on a programme to diversify the current ovm
breeding materials with the elite Nigerian palms, as a result of this, Po@ies 1
(PS1) — high yielding dwarf palms, PORIM Series 2 (PS2) — high in?&and high
iodine values and PORIM Series 3 (PS3) — high yielding NigeriarWa.palms with
high kernel content were all developed (Rajanaidu et @ Latiff, 2000;

Rajanaidu, 1999).
2.2.4 Germplasm Conservation \do Y-

Conservation involves all activities including ctingf ai nancY-storage,
\he K
cor@a existence,

situ (&onzalez-Benito et

management, protection and regeneration gimedgt ens

evolution and availability of genetic rxﬁl -sit
in, 2

al., 2004; Rao, 2004; Rao & Hod , 1’%97). Conservation of

ﬁ' 2;§EiT &
genetic resources can be done Wg:Sftu @r ex-sWl. inf%eHt conservation is the

q Q-
conservation of genetic resoum site, | tura@ﬁf original population, or on
the site where genetic eougs of a partic qp@on developed their distinctive
6; Keski

properties (Gepts, 2Q0 ‘aL'.\l : exé}ﬁﬂ conservation on the other hand is

A )

ren@of individual plants or propagating

material from% oilatﬂr?vg’re&‘g)i.e., conservation “off-site” in gene banks
vya ati (gr in other live collections (Gepts, 2006; Fao,
199A d <&
S
% alm germplasm are being preserved in-situ (natural palm groves in Africa), in
It

(cryopreservation technique) and field gene bank (ex-situ) (Rajanaidu et al.,

QOOO). At present, the field gene bank of MPOB represents the largest ex-situ oil palm
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germplasm in the world with about 59 625 palms covering 406 ha (1000 ac) (Kushairi,

Characterization is the description of a character or its q?vThe word

2009; Rajanaidu et. al., 2000).

2.3 GERMPLASM CHARACTERIZATION AND EVALUATION

“characterize” is also synonymous to “distinguish” that is, t as separate or
different, or to separate into kinds, classes or categories. h terlzatlon of genetic

resources refers to the process by which accessions ntifie or d rentiated.
This identification may in broad term refer to any di nce m:lpear C? or e up
an accession. Characterization in gene banks and plasr? ;ﬁent?&emds for
the description of characters that are usu% jtable;

equally expressed in all environments @

Germplasm characterization accor FerreNZO$6
€ .

| seen t e eye and

P, 2

measurement and documentati

data allows for identifying @A Y ion@ch is essential for collection
management. Charact%

understanding the iC dlver'sl e acc #aNs in question.
&
2.3.1 Genetic | ty easurgmeht Iéel%
s’
Accordl rem} ec es for measuring or evaluating germplasm

7
mcluda e of multivariate dag)'llected from morphological or agronomic traits

ay effectively dlsplay discrete, continuous, binomial or ordinal variable; and

f multiple sets arising from morphological, biochemical and DNA-based data.

tandard characterization and evaluation of accessions may be routinely carried out

using different methods, including traditional practices such as the use of descriptor
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lists of morphological characters. They may also involve evaluation of agronomic
performance under various environmental conditions. In contrast,

characterization refers to the description of attributes that follow Ilan
inheritance or that involve specific DNA sequences. It involves th jcation of
molecular markers and the identification of particular sequencergh diverse

genomic approaches (de Vicente et al., 2005).

According to Ferreira (2006), the current characteriz of p\lanidermplasm

le, e?yto

study and relatively low cost to evaluate. H , In r ceft es'gé&plasm

g a dev@fment The
olemﬁ

4( markers” has

e-sc@ plant germplasm
Y

characterization.
% ﬁ
Adequate characterization for omi orpm}‘g&cal traits is necessary to

facilitate utilization of Crmp sm by bfeede apd@jer to achieve this, germplasm
S ar

accessions of all cr ha

or hological and agronomic traits in
batches over the & pad '

collections relies strongly on morphological descriptors aStheygare

characterization based on molecular methods h eri n

method which reveals sequence polym Mnown as

fomented a revolution in the speed ua ty of

*”/7

). As stated Upadhayaya et al. (2008),

- ﬁ

the major Obj f gfrnfpl ar rlzation are:
&
I. De ccesd’ athslé\thelr diagnostic characteristics and identify
ates, C-}'

il. E sify groups of accessions using sound criteria;
lii. ¥ldentify accessions with desired agronomic traits and select entries for more

precise evaluation;
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iv. Develop interrelationships between or among traits and between geographic

groups of cultivars; and T

v. Estimate the extent of variation in the collection. %

The accessibility of collections depends largely on the information vailab|! on them.
Both characterization and evaluation data provide an effective gource§of information
for genetic diversity studies. The results obtained can be ‘T help understand

pattern of variation in crop species and to identify grou ac e*ions with high
diversity or with shared characteristics (Rao & Hoggkin, ®002 i r\um\i@x of
researches have been carried out on oil palm usi%orphol gi r'r):Brs and
molecular markers. Y’ \: Y-
D

Noh et al. (2012) evaluated the perfor@ oil Rcéqisiferas based on
enie

their 40 dura x pisifera (D x P) pggogenieS t n (}gls predominantly of
Serdang series. Analysis of var@om showged Iom@netic variability among
hara

q Q-
pisifera parents for most ON 1 ' icati{iﬁfniformity of the pisifera

population. i ( 0
'3 &
In order to find p@enetif -
palm materials,4Qrias et al.
¢
va?‘ioU mmercial companies in Malaysia, France,
N

(D x P) ofﬁ%ui’eens fr.
Costa P% Colufh ‘be ome_&ad dendrogram shows formation of two groups

bas heir genetic similar@roup A with ~ 76 % similarity and group B with ~

isess@‘? microsatellite markers in nine crosses

6 etic similarity.

oyei-Dwarko et al. (2012) examined the phenotypic variability, heritability and

correlation among growth parameters in Dura x Pisifera (D x P) oil palm seedlings at
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the Oil Palm Research Institute Kade, between July 2008 and February 2010. All the
characters studied were significantly and positively correlated with each other

leaf area ratio (LAR) in which the correlations were negative with seven o@\s.

Bunch components of oil palm germplasm collected in the norther re‘ioxnof Ghana
were evaluated by Sapey et al. (2012). Data collected were an%n}is.ing standard
procedures; elementary statistics, (mean values, standard errTe and coefficient

0 hlquali ative and
quantitative traits assessed on the accessions. ® Y-

| &

Okwuagwu et al. (2008) conducted a study to as@extyt f etic%ability,
broad sense heritability, and correlation between$ield a =hd com \n,ts in three
Deli dura x tenera (D x T) breeding p% s. T ned gRalysis of variance
for number of bunches (BN), aver, xuch ight &nd fruit bunch vyield
(FFB) revealed significant genot jfferepces. 4 0}
Molecular markers and pro@kej e al§o beﬁz to investigate the genetic
diversity in the oil % mplas Jf@de restriction fragment length

polymorphisms ( of tre i mal (Maizura et al., 2006); random

amplified polyr%h DN
¢

markers (N ara et dl.,

N
length M hismf( }(Bav_réﬂ}s et al., 2002); simple sequence repeats (SSRs)
(ZUIAH al., 2012; Noorha@t al., 2012) and Isoenzyme markers (Hayati et al.,

of variation). Results obtained revealed some variation

-——g

) (I\/@J&fsohn et al., 2002); microsatellite DNA

;ﬁF C-)

EF}using cDNA probes and amplified fragment
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2.3.2 Grouping Techniques in Measuring Genetic Diversity

Genetic relationship among and within breeding materials can be idewgand

classified, using multivariate groupings (Aremu, 2011). The use %}Iished
multivariate statistical algorithm is important in classifying breedipg matefials from
germplasm accessions, lines, and other races into distinct {d'zriable groups

depending on genotype performance. The widely used technvrespective of the

data source (morphological, biochemical, and mole@\er@'{&e Cluster

analysis, principal component analysis (PCA), princjpal cO®rdindte a s«(P :

ysis, princip P ysis (PCA), p « \G@A)
e

canonical correlation and multidimensional scak MDS) (Maji aid, 2012;

s Y
Odewale, 2012; Aremu, 2011; Zafar et al., ZOOEY' \ Y\J
24 MULTIVARIATE STATISTIC@(SI °\ é
s\*‘el
N
variables simultaneously (CAMN@® 1) ?/Iulti riate@/sis comprises a set of
techniques dedicated to th%s ol as w@)re than one variable (Abdi,
2003). According to F\% 002), ultig.g'éie;élysis consists of a collection of
methods that canwwher] S meas ents are made on each individual or
objects in one w amp ineas{élﬁents are referred to as variables and the
o M

individuals ts asfini otger c'—gns.
NP AR
Multi Walysi Lnalyet

Wrs of observations on several correlated random
N

va% r a number of indivelual. It becomes necessary when dealing with several

%es simultaneously. A series of univariate statistical analysis carried out

Owsecutively for each of the variable is in general not adequate as it ignores the

correlation among the variables. Multivariate analysis in contrary provides a more

Multivariate analysis is a tool to

o
QD
—
=
@D
=
>

(S ips between several

D

i e
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accurate depiction of the behavior of data that are highly correlated, and can indicate
the relative importance of the characteristics involved and yield more meavm

information (CAMO, 2011). %\

Multivariate analysis is the branch of statistics that is concerned wi h the rélationship
r

them. The

among sets of dependent variables and the individuals w ch

a. Data reduction or structural simplification
represented as simple as possible Wlthou

This is to make interpretation ea3|er

b. Sorting and grouping: groupin %‘mlar obj or @<‘ables are created
IStICS

€ gtlv f\*ules for classifying

based upon measured ch

objects into well-define m q)e regtiived. &

c. Investigation of the de , §v \As the nature of relationship
among vanable%ere\ hé (gr)ables mutually independent or are
one or mo mles@wt on hers? If so how?

O

d. Predlc atl Ip een‘@rlables must be determined for the purpose

opp mgp va s f@)r more variables on the basis of observations
other varlables Y.
A&F" &

? ypothesis construction and testing: specific statistical hypotheses formulated
0 in terms of the parameters of the multivariate population are tested. This may

be done to validate assumptions or reinforce prior convictions.
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2.4.1 Principal Component Analysis (PCA)

PCA is probably the most popular multivariate statistical technique and i'&%ely

used by almost all scientific disciplines. It is also likely to be the oldeiwariate
but 1

technique, as its origin can be traced back to Pearson (1901 modern
instantiation was formalized by Hotelling (1933) who also coingd the §erm “principal
component” (Abdi & Williams, 2010). Jolliffe (2002) alvd that the most

generally accepted earliest descriptions of PCA were giv@n ngol) and

Hotelling (1933). ® Y-

Principal component analysis is defined as a metho data ;cd ctigh to
relationships between two or more charactgrs arg to di

original characters into a limited n&b’ uncowgla ne&«ariables (Wiley,

1981). This will appropriate visualization of'th re?es mang the individuals and

N

identify possible groups. The reduBsior is @ccompl&hed near transformation of

q Q-
the original variables into aN et of ated\&ﬁr‘lables known as principal

components (PCs). A rdi% to Jolli,(e (2 Zp,@ntral idea of PCA is to reduce
the dimensionality oa\dat et 0&5& of‘;éjge number of interrelated variables,

while retaining Mh as 'sib of th iation present in the data set. This is

achieved by t%\nin t8 a get@b(dariables, the principal components (PCs)

which ar %Iat?j, nd gvhi h%&ordered so that the first few components retain
zg v-):
he

most 0 riation present iné}y% original variables.
N
@303), stated that the goal of PCA is to decompose a data table with correlated
& urements into a new set of uncorrelated (i.e., orthogonal) variables. These

ariables are called, depending upon the context, principal components, factors,

—
(@]
—
A;
51(
=
(@)
D
o
—h
=
=0
(¢>]

eigenvectors, singular vectors, or loadings. Each unit is also assigned a set of scores
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which correspond to its projection on the components. The results of the analysis are
often presented with graphs plotting the projections of the units onto the compvu,

and the loadings of the variables. The importance of each component is @d by

the variance (i.e., eigenvalue) of its projections or by the proportion variance

explained. Y .

PCA is also a way to sum up the original data with a large of variables into

simpler data with only a few variables (Wise et al., 2006). Mar o':luste ing, PCA

is often used to find patterns in data - to see if sgme s
observed as clusters of samples located at a distar& ot

scores plots. PCA finds the directions with tth

spread of the points, and fits a line into t wion i

squared distance from the line to each P®gL is minimi

fitted lines are known as the princi %wponi%- {\
% @ =,
“« Q-
ate leg%j W@ﬁefine the amount of total

The first step in PCA is to ¢

axe T|he PC summarizes most of the

—+

variation that is displg8red the P
variability present iqai ‘da& iv‘(:é}ﬂll remaining PCs. The second PC

explains most oerlabil'

\
the first, and %\Jol f& 1 r'Be&g(s'é PCs are orthogonal and independent of

each oth;&ﬂPC:u vei fer®@Qy properties of the original data and may be

ependently. In thig\Jay, the total variation in the original data set may

b, Nen down into components that are cumulative. The proportion of variation
‘éounted for by each PC is expressed as eigenvalue divided by the sum of the
Qenvalues. The eigenvector defines the relation of the PC axes to the original data

axes (Mohammadi & Prassana, 2003).
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PCA aims to describe as much of the data as possible with as little principal
components as possible, to extract most of the interesting data from the vast amw
initial data that is mostly irrelevant. In other words, a PCA model that cor%\only
a few principal components is created to approximate and simplify t The PCs
are fitted so that the first principal component is aligned with the mon with the
most variance (the direction where the spread of the points i Iarg .The second PC
is fitted so, that it goes to that direction orthogonal to P SY'

has lthe next largest

variance in the points.
‘

The third PC and all the rest of the PCs are alw hogonal a t‘e-é&?edmg

PCs and similarly go to the direction of the Iar al n v ance. Cs are in
order of significance: PC1 describes %Vt vaman nd zﬁerefore most
important. Because there is random nol triuted evigRly t.ok @ whole row space
and the amount of variance exp y t C‘s st, the signal-to-noise
ratio of PC1 is highest of all %crea ac h@/mg PC. Eventually, the
later PCs have signal-to-n Iow’that m descrlbe just noise and are
therefore useless (Abd%hams,\ Ijh‘I 02; Beebe et al., 1998).

PCA can be pen d on 'o tyaes of matrlces (1) A variance-covariance

matrix and (2@ W'\Nﬁmcharacters of different scales, a correlation
d|2| githe ?

matrix b a@ is preferred. If the characters are of the same
Hce -covariance m

sqy- can be used (Wiley, 1981). PCA can also be used

NS
t: taln the optimum number of clusters in a study. In this scenario, the objective

aximize the variation explained by the first PC of each cluster. It begins with all
lewduals in a single cluster and splits them until the second eigenvalue of all

clusters is less than a level specified by the user (Thompson et al., 1998).

scale,
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The most interesting information gained from PCA is the scores and loadings. As
already stated, the distance of samples (points) from a particular PC is ca

scores on the respective PC. The scores therefore, hold information on ples
Samples with similar scores are close to each other in the row space aﬂ*therefore
somehow similar. The goal of PCA as know is to summariZgf and visualize
multivariate data and this visualization is given in the form sgores s. The loadings
on the other hand hold information on the variables ( Y 006) and are a
measure of alignment of the particular PC with the varl axes Wwith high
loadings on a particular PC are well described by th . The Ipadi Iﬂoﬁke it

possible to find out why some samples are bex iMNlar_and d\,gers in the

scores plots, and this is a great advantage o% ust ' g
A

C—)

Cluster analysis is the name for a f npultivari e tecf@ues whose primary aim

2.4.2 Clustering Analysis

is to group objects based on th c po&c,é? Cluster analysis classifies
i

objects so that each obc Ery similgr to hqrs respect to some predetermined
selection criterion K al. usf‘édalyms has been referred to as Q
analysis, typolo tr cti ' cl icati alysis, and numerical taxonomy. This

variety of n d !) ﬁg usage of clustering methods in diverse

dISCIpll cho y@mlogy economics, engineering and business.
Altho names d| er acr SC|pI|ne but all have a common dimension, thus,
t ary value of cluster a ysis Iles in the classification of data, as suggested by
‘natural” groupings of the data themselves. Cluster analysis also differs from PCA
hat cluster analysis groups objects while PCA is primarily aimed with grouping

variables (Hair et al., 1998).
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Clustering is the most important unsupervised data mining method, that is, the clusters
are formed without any prior knowledge of what the objects involved are (Tawm,
2005). It involves finding structure in a collection of unlabeled data Inter
cluster similarity is minimized and intra cluster similarity is maximiz!&ween the
samples. A loose definition of Clustering could be “the process of oNganizing objects
into groups whose members are similar in some way”. /ﬁwis therefore, a

collection of objects which are shows similarity betwee and'dissimilarity to

objects belonging to other belonging to other clusters h et I.,Wherefore,

Ny
clustering is the grouping of data items based on thei@larity an L' 1.&0@
0 4

Cluster analysis as described by Brereton (ZO(ﬂWa wweNsgst lshed@roach that

bet@ organisms. It

was developed primarily by biologists toget e similarja

IS a multivariate statistical procedure tha S with a dag set c@ining information

about a sample of entities and v t% %3 t e“) .&ntities into relatively
homogenous groups of objecig Ced CIW- u t&uyon, 2003). According
to Ferreira and Hitchcock (V’,’clus ran S in@es sorting data (or items) into
natural grouping baseu%nilarity\ mrlm&onata helps to reveal information

about the data s a tliert, di nsion&:, or previously unnoticed interesting

relationships. c\
Clusteri %‘ﬂwms y ' c ss@as may be classified as exclusive, overlapping
N4 of
ab

tic clustering. Ing§ﬂsive clustering, data are grouped in an exclusive
that if a certain datumhlongs to a definite cluster, it could not be included in
%cluster. On the contrary, overlapping clustering uses fuzzy sets to cluster data
Othat each point may belong to two or more clusters with different degree of

membership. In this case, data will be associated to an appropriate membership value.

s

“—
Jy
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Hierarchical clustering algorithm is based on the union between the two nearest
clusters and the last type of clustering uses a completely probabilistic approachw

et al., 2008). (ﬁ\

Most commonly clustering algorithms, as stated by Ferreira and HitchcoCk (2009),

rely on the pairwise dissimilarities between the objects to guid% stering. There

are many ways of defining (dis) similarity among objeY-d the choice of

dissimilarity measure depends largely on the data b ori:a(discrete,
continuous, binary, etc.) and when the items are clysteredWthe @issi ylbeveen
| S
any two items is indicated by some sort of dis Siracli etjal. #4201 ).-t.pmmo
0 4
edibrs 'nc,@é ordinary
na e£2. 2012).

tenqnalyses and there are

>

a

measurements of distance between two multw

Euclidean distance, Manhattan or Mahala%bMtanc
@i %

Thodd acalémPrative and divisi
ganethoddl agg%&jj rative and divisive or

An important class of clustering m

two main types of hierarchical ¢

>

Z

partitional method. An agglom®@sgtiVe hie podl me egins with each object as

NS

its own cluster, and thc suczssively erges the t similar clusters together until
eco

% . On“té}!ontrary, the divisive method starts

the entire set of datg b S

with a single IarMe divi

& Hitchcok, %\—He réhi c}u'ste‘@alysis requires the selection of a distance

measure &ﬁka}e ethbd orﬁting two clusters. The most common distance
'
measu&us is the Euclidean (}i&)@‘;e which is the actual geometric distance between

es itd#ito s clusters known as partitions (Ferreira

@)

t Mts (Mohammadi & Pr%ana, 2003).

d ous linkages can be used to determine which groups should be merged in
gglomerative hierarchical clustering. Single linkage merges groups based on the

minimum distance between two objects in two groups (Sneath, 1957). Complete
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linkage merges groups based on the maximum distance between two objects in two

groups (McQuilty, 1960; Sokal & Sneath, 1963). Average linkage mergesw

based on the average distance of all the objects in one group to all the the

other groups (Sokal & Michener, 1958). Ward’s method (1963) is a;ﬂ*mportant

hierarchical clustering method and it is similar to the linkage methomat it begins

with N Clusters, each containing one object and differs fr Nit does not use
.

cluster distance to group objects. Instead, the total within ('f squares (SSE)

is computed to determine the next two groups merged a ste on.

@
i 5
There are other clustering methods besides hi ical methods@So e-& which

include partitioning methods such as the well-kWﬂ(-

0 4
W acQu@'l%?) and
K-medoids (Kaufman & Rousseuw, 198 Never,ol;ps n th@/ey of cluster

analysis in scientific literature, Ketterin 6) indicatagRthat l@rchical clustering

\ _x
was by far the most widely used f lusteag réc é
0 V5
e
2.5 REVIEW OF RESEA Q N i& CIPAL COMPONENT
ANALYSIS AND CL, TEEING i 0
'3 &
extengvely by several authors to decompose

Multivariate data a is has I'e

mixed data str re it

7

Pentso reduce this relatively large number of

¢
variables tg mpler ndm cfth(gggal factors, the concentrated data have been
NS

ethods, i.e. principal component analysis and

A,

treated

cltélysis.

etic variability among the fruits of 22 date palm cultivars using six nutritional

Oracters was studied by Hamza et al. (2014) to enable classify the available

germplasm into distinct groups on the basis of their genetic diversity using their

ivarigt ?tical

%y,
%
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nutritional characteristics from proximate composition. Multivariate analysis
techniques were used to classify the cultivars and the results of PCA indicated
contribution of the first three factors with eigenvalue greater than one a@ for

73.03 % of the total variation. Cluster analysis also placed the 22 dat cultivars

into three main clusters. ?

Jonah et al. (2014) applied multivariate analysis on the w’d yield of twelve

components axis 1 to 11 accounted for 99 % of thegtotal Yriabflity
the cultivars of the Bambara groundnut evaluated%
N

read &f (Ahmed et

beria. Principal

al., 2014). The nineteen genotypes of e% hergdgrouped into three

clusters on the basis of average Wnkage hﬂ:’ \G.UQITS (}L\)Qrincipal components
q

observed that PCs with Eigenvalu er ¢han 1a ounteﬁ}or 73.94 %. it was also

found out that genotypes gro into clusk , showed maximum inter

N
cluster diversity and th@t theNQresence Jof si iﬁc@netic variability among tested

genotypes shows e@] pp tyJor irﬁ‘ ement through wide hybridization
by crossing genom diff 'nt ter3.§

¢ l (?(J
Okii et a@ studied th nﬁr@ gical diversity of tropical common bean
N
germpl% caf }d the‘&rmplasm into three major groups and the first

two, with eigenvalue g@F than two accounted for 45.31 % of the total

v?\ty in the bean germplasm.

o

genetic diversity for cotton leaf curl virus, fiber quality and some morphological

traits in cotton was also assessed by Saeed et al. (2014). The data was subjected to
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multivariate analysis and PCA showed first five PCs having eigenvalue greater than 1

explaining 71.3 % of the total variation while cluster analysis classifi

accessions of cotton into four divergent groups. %\

Ren et al. (2014) also applied multivariate analysis to assess the ge et‘i(%arsity and
population structure of 196 peanut cultivars based on one hundrwd' rty-six highly
polymorphic simple sequence repeat (SSR). The resultsvw cluster analysis,
principal component ordinate analysis (PCoA) an%se 'on the marker
genotypes revealed five distinct clusters for the entige pop®atiof tha oel\ to
O

0 4
\se \IY.
Multivariate analysis of phenotypic diversi%f d ofﬁBengal was

analys# with %tenvalues greater than 1

“ &

contributed 75.9 % of the varfalg typaéyaluated for different agro-

morphological traits. CCster n th irlst@rincipal components indicated
10 clusters.

Tahir et al. (20&g) as dé%ence in sugarcane genotypes based on
¢

14 parame %\cip c (—I?/sis showed that there were two principal

compo a®ountifl ‘8 % o‘% total variation in the tested breeding material.

Clu& analysis using W method revealed that there were 3 clusters at a

their germplasm regions.
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li \Of 4.5 and no corresponding of clustering with geographic location of the

G types.
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Tewodros (2013) assessed the nature and extent of diversity on one hundred
accessions of taro (Colocasia esculenta) based on data collected on 17 qualitatvld
13 quantitative traits. Both sets of data were subjected to multivariate ar%\lsing
PCA and clustering. First seven PCs with eigenvalue greater than on!*unted for

64.9 % of variation while cluster analysis based on qualitative characRs Indicated the

formation of seven clusters. \'

Odewale et al. (2012) employed multivariate analysis as

the physical properties of the date palm fruits in Nigeria. P i uout?t 20
| N

variables determined into four components whi plained §7.08% of-\(@ total

variation. The dendrogram generated by the Wg irdgroup ,@mod using

arithmetic averages (UPGMA) cluster acwrou
ty.

four distinct clusters indicating geneticN
é’) NS

The morphometric characterizatio cogpnut eq pla@vas also evaluated by

Sarkar et al. (2012). To exam e e%ja the quantitative variables,

nts contributed 66.73 % of the

nn ccessions into

%,

PCA and clustering wgfe appiled. Firsf thregbcqm
o ; r & &0 )
observed variation w e ries QJ oconut were grouped into seven

clusters. ‘é
&
\ ¢ l (_%
Multivariat mis wgb algo e€ b@ ewale et al. (2012) to study the pattern of
N3

genetic Liyer and shi ong six exotic and four indigenous coconut

culAnd a hybrid. The re@ the PCA indicated that the contribution of the first

@ors with eigenvalue greater than unity accounted for 69.5 % of the total
& tion. The cultivars were also classified into two distinct groups.
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PCA and clustering analysis were performed by Ahmad et al. (2012) to investigate the
level of diversity among cotton germplasm based on phenotypic data of 16 chawx,
before and after year 1975 in Pakistan. As revealed through PCA, pre@roup
showed 41 % genetic diversity, while post-1975 accounted for 37 % g diversity.
1% principal component being the most diverse component accountedgor 1 - 53 % of

degree of association in pre-1975 as compared to 1 - 46 % iM1975 cultivars.

Cluster analysis grouped all 39 accessions into five cluster S ilar"ty basis.

Beiragi et al. (2012) applied multivariate analysis method etefmin
of traits associated with maize. According to P

than 1 which accounted for 67 % of the totalw

mp{Qance
n\’alek reater
Yv

date and 73 % of the total variance in wo

cluster analysis, the 18 corn hybrids u ere_separa into@Jr and five major

groups with each having two or :hbg&m%e delayed sowing dates

respectively.

» T\ >
To assess the genetic gitversitg for varfous nj e|tra'®, d their association with yield,
Ashfagq et al. (20% at rt rice“ types on the basis of various

morphological tr a fielexp ent.\ its were studied through PCA and the
combined var%\m g%h gallts Qv;(s',}67.7 % with four principal components

exhibitin %Valui e ha{ﬁue. The genotypes were also classified in to
s

differe&c ers on the basis of&perdifferent traits with similar genotypes classified in

S
t Mcluster.
& abi et al. (2012) stated that genetic diversity is prerequisite for any crop
provement as it helps in the development of superior recombinants. To this effect

fifty Malaysian upland rice accessions were evaluated for 12 growth traits, yield and
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yield components. According to UPGMA cluster analysis, all accessions were

clustered into six groups while the first PCA indicated 76.7 % of the total variatig@"

N

Maji and Shaibu (2012) applied PCA for rice germplasm charac @n and

first two

evaluation. Cluster analysis using Ward’s method classified the 123 populdtions into
seven distinct groupings. Principal components analysis resyited iRy the

components with eigenvalue greater than 1 accounting for 78 e total variation.
c'uster' g.

The results of the PCA were found to be closely in Iin@ 0

@
Yusuf et al. (2011) used multivariate analysis %@stigate ee ni of, etic

diversity in rapeseed (Brassica campestris germ@a asedvm agro-
N

ed opXiTteen agro-

&

4

morphological and seed quality traits. Cluste%, anal

morphological and six seed quality iHI ed

ssiopéinto six and five
clusters during 2005 and 2006, res%el . F S {nd

A_m icated that the first

N

seven and five PCs with eigenvalu ategythan 1 on rib@ 74.09 % and 66.08 %

q Q-
of the variability amongst EN n 005{&6"2006, respectively. Nine
important characters vee ag noted ]

PCs during both yeaS\ \" g (5/
According to A@deh rji (?é‘f, PCA and clustering analysis in potato
' RS

cultivars fagilitate)identffyi S at@}tralts and their relationship with yield and

N
reliable% atiod® ?)typ his was due to their research to investigate

gen&versity in potato L@" agro-morphological and yield components. PCA

s%\tﬁ hat, three components explained 80.1 % of the total variation among traits. In
r

Q ping based all the traits, 22 investigated cultivars were placed on two clusters
sing Ward’s method.

0 haye gon ted positively to the first two
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Khavari et al. (2011) used multivariate analysis to characterize 34 maize hybrids.
According to PCA, seven principal components had eigenvalues greater thaw
accounted for 85.12 % of total variance in the data. Based on cluster ana% e 34

new corn hybrids were separated into seven major groups with eac g two or

more subgroups. ?

Denton and Nwangburuka (2011) evaluated the genetic

accessions of Solanum anguivi collected from various div

component analysis and single linkage cluster apalysiS®(SLEA) X

accessions were classified into five groups usinévhile the fi th’ee—\u ncipal
s N~

axes accounted for over 72 % of the total variatw' \ Y

lannucci et al. (2011) evaluated oat@ to™eler®ine thé¢genetic diversity

among 109 genotypes. All the gecessions ra terﬂgd according to 13
zxe

bioagronomic traits. PCA showe hedirst six&xes unted for 81 % of the

N

variability while clustering enN en ifMou@qfsed on their morphological
and agronomic propertjs. i | §
'3 &

According to EvggMgjs et a. detewddation of germplasm diversity and
genetic relatiomghips ¥amo ing erials is an invaluable aid in crop
¢ C—)

7

2

improveme %g;ies. nvi f{hi > principal component and cluster analysis were
"

employ% tooldl ‘assesY_ nt of tomato hybrids and cultivars based on

mor&&vsiological data, yi@hd quality, stability of performance, heterosis and

c \|ng abilities. First two principal components accounted for 78.77 % of total

& nce two groups were formed from clustering analysis.
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The genetic divergence of 40 lime accessions was carried out by Rahman and Mansur
(2011) using D? and PCA. The genotypes under study fell into six clusters. me
axes obtained from the PCA accounted for 85.24 % of the total variati@ng 9

characters describing 40 lime accessions, while the first two accounted'l‘k.OQ %.

Agro-morphological variation in the sesame germplasm was est% y Seymus and

Uzun (2010) using 21 morphologic and agronomic descrip characterize and
identify genetic diversity. Multivariate analyses were @ i older tQ establish
similarity and dissimilarity pattern. The first seven PC ax®® ex aM-%\ the
total variation while cluster analysis identified 4 ain cyaslad-&c? agro-
morphological characters. Y’ \: Y\JY.

D
Makinde and Ariyo (2010) used u%we arrakSis*jo e&gate the genetic

divergence in twenty two genotyp roun ‘ot\T t.ﬁuee axes of the PCA

captured 55 % of the total variance: btai&%‘from the single linkage
q

cluster analysis grouped acceN i ers genotypes were distinct at

The genetic diveK'&sixty'
ar .

estimated by rﬂ a

¢ ! C—)
subjected t tyariatd anal 'sf'o udy the variability within the genotypes. The
first thr% of P&, redY_ 2 % of the total variability. Ward’s clustering
me&b&ouped the genotype\ three different distinct clusters.

%t al. (2008) evaluated soybean germplasm for some important morphological

Qits using multivariate analysis. Cluster analysis divided the 139 genotypes into five

clusters based on the traits scored for. PCA showed that first three components

S
100 % level of similarig whilg at 25 % the 0|1Id®, be discriminated.
LA

/
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accounted for 69.77 % of the total variance. They concluded that principal component
and clustering obtained from their study can make better choice for soybean bVQs

for selecting genotypes among large number of accessions. %\

The morphological and agronomic diversity of Brassica napus crops was ®arried out
by Soengas et al. (2008). Thirty-five B. napus populations fror% nt geographic

origins and uses were evaluated and data was recorded oerorphological and
agronomic traits. PCA and cluster analysis were perform%ass'f)' the population.
Eight principal components accounted for 94 9% of togal v 1ty vhile
. o | &
populations were grouped into five clusters. -X
0 4
N

aria@ attern in 20

ara &s. The first three
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accessions of “egusi” melon based ov@ quan
o Bf the total variation in the

principal components accounted forg/6.33 % wﬂ? &
early and late seasons respective CAgsumma qzed &e"\elationship among the
accessions at various levels ON rit Mro\ while the accessions were
sorted into six distinct upg '/ | 0
'3 &

Ackerfield and VWZ) ust \&\
group arithmethg, av8rage

¢

for c ring, utilizing the unweighted pair-
morphologi ationy a

@6MA) method and PCA to detect

55 @ecimens of hedera with each representing
N

operati ta0nomit i ‘DUT@@ taxa were separated into two major groups

wit verlap and first thr@’mcipal components accounted for 71.1 % of total

A"
S

umbo-Villareal and Pinero (1998) statistically and numerically evaluated the

pattern of morphological variation and diversity in forty-one populations of coconut,
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using seventeen morphological traits. PCA and cluster analysis indicated four main

groups of coconut populations. The first three principal components accounte?!)

% of the total variance. %\



