CHAPTER IV \Y~

PRINCIPAL COMPONENT ANALYSIS OF THE MPOB-NIG%:;OIL

PALM GERMPLASM Yv
4.1 INTRODUCTION Y\_'

Present day plant breeding entails data collection geql? of plant

characteristics or traits. Some of these traits may be gprrelated tgf eachgpt erﬂr@t’h a

|

way that the increase in one, constantly leads t Increase of de ease@nother.

4
When such traits are found out, as it is done in o%aim d; the greagr becomes
confronted with the challenge of keyingwaw zhth miteg, réSources can be

concentrated upon and be certain of not 108#ng ou%f jon &ge others (Oboh &

Fakorede, 1997). ) GA $

q Q-
Oil palm, being a cross pollifged gr Iindivigal palm having varying in
performance from eaclf o an hen,e, a es!m@c individual palm is of utmost
. | 3 TAS .
important. Evaluat|\0f In‘ ‘%\t& for(‘eé(gp ed for various purposes, like for
selecting of su Malm @ 2(@1 It is has been known, that accurate

o \ e
evaluation in %Im igusual
N .
years (QPho Fakgfe e, :9 ) a@*as such, some of these variables may not be

adeguas for germplasm evél)wx ion, characterization and management. Both
N

C %ization and evaluation data provide an effective source of information for

tic diversity and help in understanding patterns of variation in crop species (Rao

QHodgkin, 2002).

D

!
'ﬂdig)@oy cumbersome data accumulated over the

228/
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Statisticians have helped developed statistical methods generally known as
multivariate statistical techniques to effectively handle the situation in which

amount of accumulated data makes it difficult for breeders to take dec% ese
grounded multivariate statistical algorithms have proved importanf*assifying

germplasm, ordering variability for large number of accessions or &Iyzing genetic

relationships among traits in any breeding materials (Zafar et ql.w:z .

One of these techniques is principal component analysis : Th* technique is a
wltivgriate
g

descriptive procedure for analyzing relationships thag may eist iff a se

dataset. It is designed to reduce the number of vam that need to colsiée(.rzd toa
L . ‘ot ¥

small number of indices (called the principal cWen e mea@dmbmatlon

of the original variables (Ekezie, 201@. kie idengi three major
principal components account for QQM togal variaQn in @oil palm progeny

studied using PCA. % o A
q

MPOB-Nigerian oilQ
4.2 MATERlAQ&J M

4.2.1Pla ng Materjgl \(J
& :v.); >

The@s n Agricultural R ch and Development (MARDI) and the Nigerian
N

gt for Oil Palm Research (NIFOR) in 1973 jointly made collections of oil palm
tic materials in Nigeria to broaden the genetic base of the oil palm. The Nigerian
I palm germplasm was collected at 45 sites (45 populations) (Table 1, Figure 1),

with an average of 20 palms per site and 200 seeds per palm. A total of 919 (595
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duras and 324 teneras) open-pollinated bunches were harvested during this collection

(Rajanaidu & Rao, 1987). The prospected oil palm breeding materials Werew

using eight cubic lattice design on September, 1975 and identified as@.lw

(Rajanaidu & Rao, 1987) at the MPOB Station at Kluang, Mala luang is
characterized by Rengam soil series and a rainfall of about 2500 W However,

only the dura Nigerian oil palm breeding materials were selec;id fomNis research.

4.2.2 Data Collection '

N,
Data collections were carried out for bunch vyi bunch Juali iom@&'nts,
A
morphological traits, physiological traits and fatty o compo tio Thevocedures

N

for these traits are presented in APPENDI %i Q\ \ S'

Prior to performing PCA on the et Jtlat ereé;%dardized to a mean of
q

zero and a standard deviatia& ne tm%]}te g(,blasness due to dissimilar

magnitude of the unifs asure,ﬁent IIIi i%\ZOOZ). The average of the
quantitative was standar;ue, USiK i (lejcrosoft Office Excel, 2010);

X— & Q

7= g

NN O

f—) ’ o")

Where; Q’ ? ) $

X éo standardize \C‘}'

%ithmetic mean
Q: standard deviation of the distribution

4.2.3 Standardization

4,

S50

)
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4.2.4 Principal Component Analysis (PCA)

o

PCA was performed with the aid of “THE UNSCRAMBLER®X” softwa& M
software version 10.1). PCA was performed separately based on all th %iables;
yield, yield components and bunch components; vegetative and physiologicdl traits; as

well as fatty acid traits of the MPOB-Nigerian germplasm mater%

4.2.5 Theory of PCA i '

PCA is a powerful technique for pattern recognition attgmp Plain the
variance of a large set of inter-correlated variables nsforngingdpto A si@\fer set
of independent (uncorrelated) variables (princi on@ anasgt,al., 2012).
PCA analyzes a data table representing o ;X:Gl\scrl by @Ya.l dependent
variables which are, in general, intefw d. PCA 4 rep@ts the pattern of

similarity of the observations and l%iables b Vi g(f}ém as points in maps
o S

(Abdi & Williams, 2010). e “ Q
. : : N
4.2.6 Prerequisite Noti ns?ﬂotat ns

n u;

Matrices are denoted. i s &re denoted in lower case bold, and

elements are der&n lo
same matrix L}we nte

by the sype tT.}h idefftit
b

PCA cﬁpr es | observations Eg:/ariables and it is represented by the I x J matrix
N

Ne generic element is x;;. The matrix X has rank L where L < min {I, J}. In
ral the data table will be preprocessed before the analysis. The columns of X will
centered so that the mean of each column is equal to O (i.e., X'1=0, where 0 is a J

by 1 vector of zeros and 1 is an | by vector of ones).

r

L,
<
3

|talic0‘m‘§trices, vectors and elements from the
|
gle. QA a, a). The transpose operation is denoted

m@ is denoted I. The data table to be analyzed by
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The inertia of a column is defined as the sum of the squared elements of this column

as is computed as: Yv
7i2:JZXi2,j- :% (3)

The sum of all the y/ is denoted T" and it is called the inertia of the ble or total

inertia. The center of gravity of the rows also called centroid dwg, is the vector

tzf grlavity is equal to

the 1 x J row of vector 0'. The distance of the i-th obs lon to iw:
2

J
diz,g =Z(Xi,j - 0;)- é ' '@(4)
| 4 b

T N
When the data are centered, Equation 4 is red% 0: \ S'
ct O \? § o

iLJ. .\

4.2.7 Eigenvalues E{% o A N

of the means of each column of X. When X is centered, it

—9

g}

“« Q-
After PCA, the size of eac p e mégSlred and often called an
v T S

eigenvalue. The earliergand Mpre signfficanjg the onents are, the larger their size

and the higher the degree T c Vh& amc'>‘ e variables in the data, the fewer

components to ¢ com atio genvalue of a PC is defined as the sum

of squares of @es dbi @‘;' %
A
0 gg ' ¥ (6)

) \'

<
wh\a is the a” eigenvalue (Brereton, 2003). Eigenvalues are presented in
S

cumulative percentage eigenvalue is often used to determine (approximately) what

tages. Successive eigenvalues correspond to smaller percentage. The
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proportion of the data has been modeled using PCA and is given by z: = 10,. The
closer the value to 100 %, the more faithful is the PC model (Breteton, 200&&3 &

Kymaranayake, 2006). : %
4.2.8 Scores and Loadings Yv

PCA results in a transformation of the original data matrix i es and loadings.
The scores have as many rows as the original data matri he I')adings have as
many columns as the original data matrix. Each scores IX gbnsi a,se%e_g of
—— s
column vectors, and each loadings matrix a serie ectorg Tlagssc e& trices

T &

Correlation of principal components migin vari

is&% by loadings and
loadings reflect the relative imEa qﬁia le
Nariabl

é}nponents and not the

q
gs ﬁe classified as "strong",
N

"moderate”, and "weak g, COrigsp ndin’to a olute ing values of greater than 0.75,
0, ra)e

importance of the variable f

0.75-0.50, and 0.50-0.3 cti% ﬂ@,(QJQ})Z). Each successive component is

characterized by@ ei@. Aft QA, the original variables are reduced
\
to a number o@ca p@nci I';!)mmgﬁe'nts (Brereton, 2003).

4.2.9 O%%Klun)b 0 s sEvg\gcJted

Th alue-one criterion \'known as the Kaiser criterion (Kaiser, 1960) was

retain the optimum number of PCs needed and it is one of the most commonly

& criteria for solving the number-of-components problem. With this approach,
component with an eigenvalue greater than 1.00 were retained and interpreted while

component with less than 1.00 eigenvalue were discarded.
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4.3 RESULTS

4.3.1 PCA of All VVariables \i
As presented in Table 9, the result of PCA on all the traits studied%gd eight

components underlying the characters of the MPOB-Nigerian oil ermplasm.
Only PCs with eigenvalue greater than one were selected M analysis. The

cumulative variance for each component in which tirincipal components

obtained, accounting for 90.53 % of the total varia iIIustrWically in
@

Figure 2a. ' \Y-
g,

PC1 explained 42.97 % of the total variance a n,g\ | oad@ on fresh

fruit bunch (FFB), average bunch we W)t mea frwt@?ght (MFW),

mesocarp to fruit (MF), oil yield (O

section (PCS), rachis length (RL eng\(NM {Téf'width (LW), no of
leaflets (LN), leaf area (LA), I%nd Q(LA , wn@ mass (BDM), total dry

mass (TDM), radiation © (e) fractional interception of
loadinds on

radiation (f); moderate%

N &
(ODM), oil to bun %), kerre (KY&dvegetatlve dry mass (VDM); strong
negative Ioadl onwkern ‘t (P@\ nd kernel to bunch (K/B); moderate
o
uﬂ‘( C—)

@ and frond production (FP). First principal
N

ﬁgnﬁb'welght (MNW), oil to dry mass

negative lg gs ns

compo sent ,leld ﬂ&:h, vegetative and physiological parameters.

P nted for 15.12 % o?:'?e total variance and had moderate positive loadings

éll to fruit (SF), trunk diameter (DIAM), vegetative dry mass (VDM), iodine
Oue (IV) and C18:1. PC2 had moderate negative loadings on no of bunches (BNO),

parthenocarpic to bunch (PB), bunch index (BI) and net assimilation ratio (NAR).
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PC3 explained 10.12 % of the total variance and had moderate positive loadings on BI
and stearic acid (C18:0); moderate negative loadings on frond production, trunw

(HT) and myristic acid (C14:0). %\

PC4 accounted for 8.57 % of the total variance and had moderate pQsitive Iaadings on
gs ; p

iodine value (1V) and oleic acid (C18:1); moderate negative loagin almitic acid

(C16:0). Yv

PC5 explained 4.49 % of the total variance with mod ative Wn fruit to
L 4

bunch (F/B).

PC6 had 3.91 % of the total variance with mo
PC7 and PC8 on the other hand accounte %
respectively, with moderate positive in i
negative loadings on PC8. % \>T
0 y S
Figure 2b shows the correlaq' n dings t jor e@lriable for the displayed
"" ’.’. N

components. The plot cgnta o ellipses, Bre inne@d outer ellipses. The variables
'S
ate 59 % i

in the inner circle indic (f\ d&a[@me while those in the outer ellipse

indicate 100 % v@nd @ contrjtsgfton to PC1.
\
| N 1 O
Figure 2c sho% rojectfon yfe vaq‘l'aoles on principal component 1 and 2. From

O

the grapt%eterii O P@high contribution on PC1 and both groups of

4
variabl8g ar® anti-correlated. Peﬂ_;%'eters in Q and R had high contribution to PC2.

N

the variables in P are strongly correlated to each other as can be seen in FFB

0 DM, likewise TEP and OY.
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Table 9: Variables correlation loading matrix and total variance explained for all traits

Principal component

Parameter 1 2 3 4 5 6

FFB .908* | -.299 194 -.038 012 -178

BNO -412 | -573* | 214 -.106 481 -.316

ABW .885* -177 -.042 .029 -319 101

MFW .834* 074 -.348 .064 -053 | -.209 . .

MNW 664** | 336 -401 | -097 | -038 | -301 4 108

PB 015 | -708** | 215 196 078 202 ?-.381 .004

MF 792* | -.443 027 -324 | -.069 6 046 041

KF -814* | 010 103 -365 | -250 | -0 -260 | -.150

SF -610%* | 617** | -101 | -231 .096 .035

ODM 603** | -344 | -462 324

OWM 264 -430 | -.484 298

FB 220 024 -459 | -.029

OB 749** | -470 | -182 345

KB -785* | 073 024 -397

oY .880*

KY 505**

TEP .878*

FP -.590**

PCS .899*

RL 927*

LL 942*

LW 775*

LN .853*

HT -.002

LA 919*

LAI 919*

DIAM 419

LAR 360

BDM .909*

VDM .689%

TDM 980
424
5*
1§ 607N B 514+ | -033 .040 157 | -179
112 -33 |#-390 4 -227 | -479 271 148 426
139 J| -5y | -adF | -476 | -181 166 200 228
.og) 4 6 | -585** | .333 -121 | -173 | -141
202 6 137 -498 261 -228 098 | -.307
.025 1904, | M649** | 478 -.199 104 079 | -131
-011 | 588" 407 | 541** | -046 | -197 | -021 172
-001 | -111Y | 034 -.194 .028 310 | 538** | - 592**

i0eyalte 18.48 6.50 4.39 3.68 1.93 1.68 1.16 1.10

e (%) 4297 | 1512 | 10.12 8.57 4.49 3.91 2.69 2.56
CtMulative (%) | 42.97 | 52.08 | 6830 | 76.87 | 81.36 | 85.28 | 87.96 | 90.52

* Variables that have loadings greater than0.75, **Variables that have loadings 0.75 — 0.50
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Figure 2: Principal component analysis plots (a) Cumulative variance; (b) Correlation
loadings plot of all variables along PC1 and PC2; (c) loading plot of all variables on
PC1 and PC2; (d) PCA scores plot for the MPOB-Nigerian oil palm populati
Bi-plot of 44 MPOB-Nigerian oil palm populations and 43 variables
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The projection of the MPOB-Nigerian oil palm germplasm on PC1 and PC2 is shown
graphically in Figure 2d. Interestingly, from the scores plot it can be seen

populations in A show distinctness from others. In B and D, only one pa@x can
be seen. C has the highest number of populations and the oil palm tions are

very close to one another. Group B and D are also anti-correlated Rthey appear at
opposite end to each other. \'

The projection of scores plot and loadings plot is displa ult nlously in Figure

igh chh
index (BI), NGA 02 by high shell-to-fruit conte ). Also, fhes

o'pe}s(;?ations
0 4

are different as both are anti-correlated. NGA WSO best deseribed @ﬁgh C12:0

2e. It can be seen from the graph that NGA 12 canbest D&desgribe

and C14:0. Furthermore, C18:2 can be s Nto thg\ce of the¥slot and as such

it has no influence in the describing the tiops.

NPy
4.3.2 PCA of Yield and Bunch ity Campong G}

oYy an%]:odeﬁt |‘ﬁve IY" ings on MNW and strong negative loadings on

KFAd KB. PC2 explain@é.l? % of the total variance with moderate positive
@ on MNW, strong negative loadings on PB and moderate negative loadings on
. PC3 explained 10.5 % of the total variance with strong positive loadings on KY

h

ile PC4 accounted for 7.15 % of the total variance with moderate positive loadings

on FB and moderate negative loadings on BNO.
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Figure 3b shows the correlation loadings plot for each variable for the displayed
components. The variables in the inner circle indicate 50 % of the explained \wm
while those in the outer circle indicate 100 % variance and they have high% tion
to PC1. The projection of yield and bunch quality traits on PC1 anf&is shown
graphically in Figure 3c. Variables in R and S contributed to the and are anti-
correlated to each other. As seen in the Figure 3c, TEP a NS are strongly

correlated as well as OY and MF. These variables are ove chon ol1e another.

Figure 3d shows the distribution of the oil palm gerrgplas 2¢basgel on
g paimg 36
their yield and bunch quality traits. Populations 4 se[!a from

the other populations and are at the oppositew

T, i.e. @y are anti-
correlated. Populations in U are also sep wm oth the@)ers are close

to each other. Group W has the highest er of populgsions; e members of the

group are strongly similar to one %wh’ila%n
q

%s di n F&%

N
4.3.3 PCA of Vegetati an%hysiol%ical rpi%
'3 &
As displayed in IW, or@R S wigeigenvalue greater than one explained
90.79 % of the KI ianc i/ege@%é and physiological traits of the MPOB-
g : ¢
Nigerian oi m germmlasy. As ﬂ:d@c?d in Table 11, PC1 contributed 61.94 % of
%v N

of loadings and scores simult

D
@

the tota affee an erateRpsitive loadings on FP and NAR; strong negative

loadk n PCS, RL, LL, LV)@(I, LA, LAI, BDM, TDM and e; moderate negative
@ on DIAM, VDM and f. PC2 explained 17.89 % of the total variance with
rong positive loadings on BI; moderate positive loadings on LAR; strong negative

oadings on HT and moderate negative loadings on FP and VDM.
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Table 10: Variables correlation loading matrix and total variance explained for yield
and bunch components

Principal components \z

Parameters

FFB

BNO

ABW

MFW

MNW

PB

MF

KF

SF

A &
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Figure 3: Principal component analysis plots (a) Cumulative variance (b) Correlation
loadings plot of yield and bunch quality traits along PC1 and PC2; (c) Loading plot of
yield and bunch quality traits on PC1 and PC2; (d) PCA scores plot of the -

Nigerian oil palm populations; (e) Bi-plot of 44 MPOB-Nigerian oil palm I2§ons
and 17 yield and bunch quality traits.
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The last component, PC3 explained 10.96 % of the total variance and had strong

positive loadings on NAR and moderate positive loadings on f. T

Figure 4b shows the correlation loadings plot for each variable for jn%played

components. The plot contains two ellipses and most of the variables are off the outer
tK

circle. These variables indicate 100 % variance while thos inner ellipse

indicate 50 % variance. The Figure 4c shows how the varlabl rlbute to each PC
(axes) and their correlations. Parameters in K and M@\ c n&lbutl n to PC1
and both are anti-correlated. Those in K exhibit pgsitiveorrefatio PClvhlle

i
parameters in M show positive correlations. %re pagaméers n-i?and N

contributed high to PC2 and are also anti- co Pa in L positively

correlated to PC2 while those in N are nectl corre}ed C2. é

The scores plot (Figure 4d) show he di of e EQB-Nigerian oil palm
accessions on PC1 and PC2. The o pru atio ar @nted in three groups on
the score plot. It is visible fro&h p II separated from the other
two groups. Some pogelatiofs in T J ¢lo another while some are well
spread out. Populatl n%ar e to as overlapping of populations can

be seen and mer&n thi ' re al@stered around populations in T. The
scatter plot o%& fof P€1 ‘JC th loadings displayed on the same plot is

shown 4e ‘a he@ph it can be seen that samples are close to

variab t best describes the&q)v
A of Oil Quality Traits

ee PCs with eigenvalue greater than one accounted for 81.89 % of the total

variance as shown in Figure 5a. PC1 as shown in Table 12 accounted for most of the
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variation, contributing 50.38 % of the total variance and had strong positive loadings
on 1V, C18:0, C18:1; strong negative loadings on C14:0, C16:0 and moderate n

loadings on C12:0. PC2 explained 17.82 % of the total variance with 2 ving
moderate positive loadings on it and C16:0 exhibiting strong negativ@&ngs on it.

PC3 explained 13.69 % of the total variance with strong positive load\ggs on C18:2.

Figure 5b shows the correlation loadings plot for each va or the displayed

components. From the plot, only C182 is in the inner el nd idindic tes 50 %
variance while other variables indicate 100 % variange and Sontripute osth 1.
N
_ e I WA S
The loading of the oil quality traits on PC 1 and wn in Figure®€. ¢123q°C14:0
and C16:0 are negatively correlated on PC1 ww d@/ards zero
and do not describe the PC. CV é

and from the graph,

The sample score plot for PC 1 an
N
two groups can be observed, the gr th@ right_ c@ner of-@e graph (H) and the one

q Q-
at the left corner of the graphm compyi just&ko lations NGA 02 and NGA
19 while group G com 'sesgthe res?oft ppp@ms. In G, some populations are
i 'S
w ster

also well separated (tK S e ether.
The scatter plotggr sC®res ng S Qﬁaneously Is shown in Figure 5e. It can
9 : ¢
be seen frg e fraph jtha A’OZ@(? NGA 19 have high C18:0, C18:1 and IV
N
content; 3 haf &i 6:0°NGA 34 best described by C12:0; NGA 38 and

NG% C14:0 while othe lations are close to the centre of the graph which is

‘@B&d by C18:2.
S



81

Table 11: Variables correlation loading matrix and total variance explained for
vegetative and physiological traits

Principal component

Parameter 1 2
FP 631% L 5Q7*
PCS -.947* -213
RL -.972%

LL -.048*

LW -.894%

LN -917*

HT 025

LA

-.987*

;\ Variables that have loadings greater than0.75; ** Variables that have loadings 0.75 — 0.50
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Figure 4: Principal component analysis plots (a) Cumulative variance; (b) Correlation
loadings plot of vegetative and physiological traits along PC1 and PC2; (c) loading
plot of vegetative and physiological traits on PC1 and PC2; (d) PCA scores plo

MPOB-Nigerian oil palm populations; (e) Bi-plot of 44 MPOB-Nigeriar% Im

populations and 18 morpho-physiological traits %
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Figure 4 Contd.
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Table 12: Variables correlation loading matrix and total variance explained for fatty

acid traits
Principal component ‘ \:
Parameter 1 2 3 A
v
.855* -.008 .206
C120
- 577 .698** -.0,
C140
-.879* .326
C160
-.857*
Ci161
-.201
C180
789*
C181
879*
C182
-.155
Eigenvalue
4, 1.4
Variance (%) % B
HMIINGG
Cumulative (%) N '
50888 .
&

. o
&
* Variables that have lo di@ater hMari% that have loadings 0.75 — 0.50
X , N
NU(e,
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Figure 5: Principal component analysis plots (a) Cumulative variance; (b) Correlation
loadings plot of fatty acid traits along PC1 and PC2; (c) loading plot of fatty acid traits
on PC1 and PC2; (d) PCA scores plot of the MPOB-Nigerian oil palm populati
Bi-plot of 44 MPOB-Nigerian oil palm populations and 8 fatty acid traits
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4.4 DISCUSSION

4.4.1 Number of Principal Components Extracted \i
According to lezzoni and Pritts (1991), the eigenvalue can be used N’grion to

determine how many PCs should be retained. They considered P Py cigenvalue
more than 1 as inherently more informative than any single 0anriable alone.
The number of principal components taken into account s&d.on the eigenvalue
one criterion. The rationale for this is as stated by Kai 60) is at eaglf observed
variable contributes one unit of variance to the tot riance if the ti sel.:,ga as

such any component that displays an eigenvalue ¢ r thayo ei ccou?t-mg for a

significant amount of variance and is worthy (x'g
component with an eigenvalue less th acco
been contributed by one variance. %ur fT }&\&LCh, components with
; edm%mv@ trivial, as the purpose
0 rle mbe&? observed variables into a

Ont V'her hand, a

r lesswariance than had

eigenvalues less than one were not

of principal component analm

relatlvelysmallernumtofg mponergs ( e)( §

The explained varj grap |s oftiéaﬂeasured as percentage of the total

variance in the ta I B% r.tt oft’t}%roportlon in the data accounted for by

the indiV|d hm z‘ Feegjl 2011). It gives an indication of how much
of the |n the descﬁ&d by the different components (CAMO, 2011).
Th atlon variance mdm&fo}ﬂte number of PC that was selected for this research
b the eigenvalue one criterion and is based on fitting the calibration data to the

eI while the validation variance is the proof of the optimum number of principal
omponents needed to describe the PCA model and is computed by testing the model

on data that were not used to build the PCA model (CAMO, 2011). Since both the
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calibration variance and validation variance computed in this study do not differ

significantly, it indicates that data are truly representative of the model. T

4.4.2 Loadings :%

The two dimensional scatter plots of X-loadings describe the data st?. in terms of
variable contributions and correlations. Every variable analyzedwoading on each
PC and this reflects how much the individual variable co 'bmmat PC, and how
well the PC takes into accounts the variation in t ble ( 's'e eigfl., 2006).

@
According to lezzoni and Pritts (1991), the magni of the Ipadin Tdigthe
T

relative contribution of the individual variabMggto e?h P base?~on the
N
interrelationships among the variables, an%' Iogiﬁ ing iggd§termined by

ng
eigenvectors (weight) and the PC scor % O(g

Variables on the component 1 vs. @jnent 2 N&Mﬁt &@ est variations in the

data set. PC1 is generally b rel tgd wigh she @ibles than PC2; this is

&

expected as PCs are extraﬁ?esir ,_dgh o@ounting for as much of the
remaining variance as % CAI\/I‘. , 20 ;‘éeﬁgét al., 1998).

4.4.3 Scores Plot'&\ @ 4‘0%(.}

&)

N e ! -
The scores pI% wo fime gl sc&[&r plot (or map) of scores for two specified
C

compon &) f? f e s,@gsjplot shows how well the data is distributed
and@rmation in the ia_,ngﬁes (Wise et al., 2006). The scores plot (PC1 vs

P s used in this study bguse the two components summarize more variation in

ata than any other pair of components. The closer the samples are in the scores
Qt, the more similar they are with respect to the components concerned (i.e. they

have close values for the corresponding variables). On the other hand, samples for
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which scores differ greatly are quite different from each other with respect to the
variables. The score describes the major features of the sample, relativeYﬂe

variables with high loadings on the PC (CAMO, 2011; lezzoni and Pritts J%\

The Bi-plot is also a two dimensional scatter plot or map of scores_for twd specified
components (PCs) with loadings displayed on the same plot. It egables¥ne to interpret

sample propertries and variable relationship simultaneously ( , 2011). As stated

the aim was to increase seed yield, genotypes fall in th
generally above average for this specific trait. W«h

used biplot in comparing different geng N the Hes
?i :

revealed different associations betvm ts_in th

and @:zn}i (2011)

stud& ese data have

POQigerian oil palm
germplasm. This indicates that se t

'é}possibility of getting
) e,

desirable genotypes that canc&' highyagld hﬁ/v& traits (lannucci, 2011).
N
4.4.4 PCA of All varigples i ( 0
'3 &
PCA was applied data s'st \t& iffer aits after standardization (the mean
fro ch variable value and the result was

of the values w var
¢
divided by ‘@ !

dardjdew nt @values for each variable). The rationale for

N
this is sewafter of "Ratio@:h parameter contributes equally to the data set

vari nd carries equal @t in principal component calculation (Kumar &

% 006). The result from the PCA identified eight axes with eigenvalue greater
&1 one to have accounted for 90.52 % of the total variation for all the 43 traits
tudied in the MPOB-Nigerian oil palm germplasm accessions. Okoye and

Okwuagwu (2012) reported 89.74 % cumulative of the total multivariate variation of
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yield performance and parental stock in classifying twenty-four genotypes of oil palm.

Zizumbo-Villarreal and Pinero (1998) reported 80 % variation in coconut gerw

in Mexico. Oboh and Fakorede (1997) also reported 90 % total variatior@actor

analysis on oil palm progeny mean data. ‘&

From the Table 9, variables that have significant positive as wgll as Regative impact

on the PCs can be said to be the most contributing chaerto the variation,
especially those on PC1 are the likely source of variation owfmdermplasm
studied and can be used in the selection of diverse genotyp®s (Aghfa .,oZO@. It
14 N
can be assumed that the characters that delinea e oil palrp pdgtlatiomd\ihclude
s X
rts th

combination of traits and not a single trait. dei u @étement of
Oboh and Fakorede (1997) that, within ghe S im?)‘)se th@ronment and
genetic composition of the material evﬁuthwm reed®&s/not measure more
r Pgs%igi @ation in all other traits

in the dataset. The major co&'ng ch

said to be the traits with ' hes, loack 'U@positive or negative) on the

(
extracted PC and accc%\o A { e I,‘(?Q}%: it is customary to choose one
variable from the @of \@Ioaded@niﬁcantly on each PC. Hence, for the

eight PCs ext the bes cheyce pf zf%i}ble would be TDM, PB, HT, C16:0, FB,
NAR and @pect' e|;7’ §J

than one or two traits from the fi

=0

’

From S&ﬂngs and scores pdlq)g(.Fig. 2b and 2c), PCA did a good job on showing

t wionship between the \Eiables and how the variables have contributed to the
es plot; as the loadings cannot be interpreted without scores, and vice versa
AMO, 2011). Variables in P and O (Fig. 2b) are anti-correlated and this indicates

that when the proportion of the traits in P increases, those in O will decrease and vice
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versa. Thus, populations that have high scores in S/F, K/B, K/F and FP will be low in
oil yield and oil yield is very essential in oil palm breeding. Variables that ar

same PC and are very close to each other signify that there are positive%\tions
between them, and the increase in one will lead to the increase in th!& Jonah et
al. (2014) reported similar result in growth and yield of groundnut. \ghe loading plot

showed a significant association between FFB/BDM, O/B, FMOY, ODM and
twee

e; PCS, LAI, f, LL, RL, ABW, LN, MFW, TDM and al n FNO and NAR.
These associations can also be validated in the correla tudi w Jonah et
g
al. (2014) also found that results from correlation stu uppor“:yoﬂPiﬂg\
WI/F a

s b i
Okoye et al. (2007) found relatively large eﬁw BN NREB

/B on oil
yield and also positive associations ama? ow
e

ODM as revealed by GT biplot. This e

s%ﬁs
on these traits will result in hig %Id. Thbya‘n e'céssions can be grouped
o S
h

. . “ : :
with respect to their scores Qr varfaQle (BJo. Wpulaﬂons in A are very

distant from the other opw am’the ' Iud?’palm populations 39, 40, 41
g : (

and 42. These populdtfonspare bege e |heq<§s having high proportion of the

NN

variables S/F, K/ bbgand F'D a

, @/B, F/B and

t sel@m of palms based

>
w
wn

uch{?ey are low yielding population - they

& N

exhibit high M 0 iggs C raagry that contribute to most of the variation.
s’

Rajanaidu@ 1987) Tp ted{&l these same populations to be of low yield

becau:were c

le

~—~

11ggteddfro areas (Northern Nigeria) and as such received

N
Il (less than 1692r'h‘6’ per year). Furthermore, in the same scores plot,

o

lon 02 and 12 are also separated from the rest and also at opposite angle to

Oh other. This is so because population 12 has a high leverage and is best described

as being the highest oil yielding population and population 02 is poorly described for
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variables population 12 has high scores for (FFB, BDM, TEP, OY, OB, M/F);
likewise population 12 is poorly described by variables in which populatlon

high scores for. This is why these two populations are anti-correlated t@ther
Population 02 is best described by high IV content. Rajanaidu and Ra ) as well
found NGA 12 to have the highest yielding FFB. Other populati W also have
higher than average for the variables in P and Populations 43,4 45 are average
populations in terms of yield as they are found close to Vt'

errf the plot (the

center is the average of the data set). Populations 14, d 37, aw far from

influence on the PC1. These results conform t ies oF1tRQj tal@.%), who

Iasmgg; restriction

by @researchers that

studied the genetic variability of the ng

fragment length polymorphism (RF\ it,/vas repo

populations 12, 35, 36 and 37 sho hlgher Sho po

dry and intermediate ecotype%tlong 12, $4u35 43‘3037 belong to the same

ecotype and where collecte mouj ria w infall between 2570 — 4000

hic than those from

mm per annum. This te whyf theygdi ﬂ‘e others and populations 43, 44
and 45; also from \me ei \e~h ongi an intermediate area with annual

rainfall of 1620 } S0 S s why they are of average samples.

2 .9

4.4.5 PC m onec&s)and Bunch Components
: A
The fi f PCs accounted f .83 % of the total variation which well described

t w model. From Table 1}|t can be said that variables that contributed mostly to
atlon are loaded on PC1 and they include those with positive impacts- FFB, ABW,
W MNW, M/F, O/B, OY and TEP; and those with negative impacts- S/F, K/F and

K/B. On PC 2 BNO (positive) and PB (negative) accounted for most of the variation,
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KY positively had high influence on PC3 while in PC4, BNO (negative) and FB
(positive) accounted for most variation. This signifies that all traits for ylel

component and bunch traits are source of variation in oil palm exce@ﬂ to
mesocarp weight (OWM). This finding has been ascertained y other
researchers that characters which load high positively or negatively 8ghtributed more

to the diversity and are the characters which differentiate the accessMis (Ahmad et al.,

S are @lcorrelated

and this signifies populations with high p of S : and will have low
proportions of the other variables. Th ter on can use@or selecting high
yielding accessions for breedin ﬁ Felenji (2011) found
similar pattern in diversity a otato l NO and PB showed high
contribution to PC 2 with ga , to L@?arlatlon This suggests that a

palm with large numbe%nches hawe i qw)roportlon of parthenocarpic fruits.

This result can al@didate.@ correla{bn studies where significant correlation

exists betwee@and ) ! c_,o
@]

Figure 32 ho;v he Ies@'e distributed in respect to their scores for the

varlab from the graph, opulations in U; NGA 39, NGA 40, NGA 41 and

S

2 are best described by variables in R. These populations have high percentage

)
é‘

/F K/B and K/F and they have low proportion of other traits. Population with the
hest scores for variables in PC is NGA 37 as it can be seen separate from other

populations in W. Other populations that well describe this PC include; NGA 12,
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NGA 28 and NGA 16. These populations can be selected for good bunch quality traits
and oil yield. Also NGA 12 and NGA 02 are anti-correlated; they are far apart

NGA 12 has high positive scores for traits that are well loaded on PC1 w 02
is negatively correlated to this PC. NGA 12 also has high scores for Iﬁ&wd PB, as
well as NGA 15, 19 and 01. Also kernel yield (KY), NGA 43, 4W45 are well

described by it and can be selected for breeding high kernel iie Wig palms. These

ossrin (2011).

4.4.6 PCA of Vegetative and Physiological Traits ®
g y g \\z-
| S

Three PCs with eigenvalue greater than one capt 90.79’% of the tot&wariation

? N
and the calibrated variance and validation yvariafge pe
the PCA is a good model. Kjer et aI.@rep
two PCs with eigenvalue greater thﬁ one Of 1 w tl
in Sago Palm, a member of the ol fagily. Al qhe \@tive and physiological

traits had significant influencN SJ: ts nafigdptured on the first PC were

N
captured on the subsecent iCs. Ob an?Fiik@} (1997) also found vegetative
ing

characteristics accoynt t ﬂa& e5‘ total variation on progeny mean

and individual p:&ﬁi in !_gir r arch.{ﬁindicates that one or two traits can be
|

results follow similar pattern as that of Svetlana et al. (201

it whi Wdicates that

4 % 4@tal variance from

mQrphologicaI variables

used to obtai®ati n 8n 2
O

ql'er ﬁ@ts and these traits can be improved on and
used as ¢ ‘&Wselipt g m@r improvement or breeding programme.
o
Furlﬁre, FP and NAR im@éd high positive significant on PC1 while PCS, RL,

L \ LN, LA, LAI, DIAM, BDM, VDM, TDM, f and e imparted high negative
& ficant. This signifies that populations with high positive scores for FP and NAR
ill score low for the other traits and vice versa. Similar trend was reported by

Soengas et al. (2008) in morphologic and agronomic diversity of Brassica napus
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crops. From Figure 4b, NAR and FP are anti-correlated to other variables on the left
quadrant of the graph. In K, the strong relationship between TDM, LL, LN, RYI
LW, F and PCS suggests that if one of the variables is increased, others%\o be
increased. This result is validated in the correlation studies in Bi-plot
diagrams can be used to select genotypes that might have favourable\gombinations of

traits for use in a breeding project (Firincioglu et al. (2009). Fi m biplot in Figure
G

4e high bunch index (BI) is well described by population /t 13 while LAR
by NGA 15, 43, 16, 45, 34, 17 and NGA 44. NGA 14 Mfest ¢ M while

for NAR, NGA 29 and NGA 02 is the best choice! odros 20 f‘u@mlar

trend in the morpho-agronomical characterizati

oz@ ma@ (2012)
rmptasmsgnd CL@XS' of upland

cotton. O

reported similar result for genetic dlvers'

Also for HT and FP which loade a elx 1) ns with more positive
scores on the on the PC ha th%} \‘/'al Q%r these variables, while
populations with negatlvew ha\f hi tha@erage values for these traits
(Rahman & Munsur opula WI@gh negative loadings for height
include NGA 20 36, , 4 W1 an%-é Therefore, oil palm population with
high positive s 0 hglg anjpe @lted for a long time as short trunk height
[ a5|gn|f ino e;‘d Sapey et al., 2012). Palms that well describe
shor t ght inclu 3, 15, 34 and NGA 45. These palms also have
h| R and BDM. Thlﬁ(‘;amfles that HT is negatively correlated to BI. This is

d in the correlation studies where HT had negative significant correlation with

QM and BI but its negative correlation with LAR was not significant. It can also be

assumed that the taller an oil palm tree, the lesser its bunch index and bunch dry
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matter. FP and HT are also close together in the Figure 4b and as such there are
similar. FP also was anti-correlated with BDM and VDM but there was no sig
correlation between FP and BDM but significantly correlated with VDM. @Qt al.

(2010) reported similar trend for genetic diversity in groundnut, ckerfield

(2002) in morphometric analysis of ivy genus. ?
4.4.7 PCA of Oil Quality Traits Yv

The PCA of the oil quality traits resulted in three PCs accouW.SQ % of
@

the total variation. This is validated in the work of@rasu et @. (1 it is

)'W
stated that the phenotypic variation for most fatty traits s gon erabwarger in
N

these Nigerian germplasm materials. Th% tio \ame cur W\ Figure 5
indicated that two PCs are enoug}t\%c ibe \ atiob% the fatty acid
composition of the oil palm germpltm. HoWewals ueTt ;.\kLenvalue one criterion
used in this study, three PCs igepvalue qeate@n one were retained.
Chakravorty et al. (2013) obse iTM pi&i&ypic diversity of landraces

S

=

In Table 11, IV,%nd C\iy ed posiliwély on the first PC and this indicates
that populationw ig i:ore these traits have high content for them.

¢
Populationﬁhqh c tew‘gﬂ'/, (f}?o and C18:1 can be seen clearly in group H
\
A

(Figure &¢ 0284 19Jhis is the most probable reason why these two

>

pop%s are marked out b}r’ the rest of the populations which have negative

\or the traits. Khan et al. (2009) found oleic acid (C18:0) as one of the traits

sc?
G unting for variation in safflower.
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Furthermore on PC2, C12:0 was positively correlated and from the score plot of fatty
acid traits (Figure 5c), population 34 well describes this fatty acid and thlem
NGA 34 is also quite separated from other populations in G. Also, C@Well
described by NGA 39, 38 and 37. The last PC was significantly Ioadeﬂ*lS :2 and
NGA 34 also scored high for this trait. It is of notice that variation fogfatty acid traits
is quite limited as compared to other traits, but, nevertheless hMe an important
source of selection for palms that have high content for 0 quarty Khan et al.,
(2009) reported similar pattern in safflower.
‘
\‘?'

Despite the fact that only few PCs were gene from aII he @fardcteds of the

MPOB-Nigerian oil palm germplasm, PCA wa: to a u or hlg@rlation of

the total variations encountered in the oi a erm | us, apacity of the

PCA in data reduction without loss of in tlo%a

4.5 CONCLUSION % ﬁ>7 S
SE

In short, Principal Compo naII ) ha %ved useful in a number of
e red

ways. Firstly, it has h% g-o} !h ic dimensions of the variability

in the measured da to the s'n umbe eanlngful dimensions. Secondly, it

has examined QK elatl een arlables the elimination of variables

which con '%rel tle i ormatlon and lastly the examination of the
\

eight (8) components were extracted based on these variables. The implication of
is analysis suggests that the time and labour in measuring a large number of

variables may be preserved by measuring a few of the variables loaded significantly
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on the extracted PCs and generalizing the information as the totality of the other
variables. The variables that were loaded on the first PC and explained thMl
variation include; FFB, ABW, MFW, MNW, MF, ODM, OB, OY, K@ FP,
PCS, RL, LL, LW, LN, LA, LAI, BDM, VDM, TDM, e, and f. These es can be
used as criteria for improvement of oil palm accessions for igh oil yield.

Furthermore, the oil palm populations with high scores for tmariables can be

selected singly or in combination as palm of superior yiel



