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Abstract-- Estimation of genetic diversity and determination of the relationships between collections are useful strategies for ensuring efficient
germplasm collection and utilization. Oil palm germplasm materials collected from Senegal and Gambia maintained at the Malaysian Palm Oil
Board (MPOB) Kluang Station were characterized for genetic diversity. A total of 44 agronomic traits of these oil palm materials was subjected
to simple statistics to evaluate the genetic variability; and to chemometric techniques (Principal Component Analysis and Cluster analysis) to
identify the characters contributing to the overall variation and classify the materials based on similarity. The results of the variability profile
showed that the Senegal and Gambia oil palm germplasm exhibited low to high variability for the various traits. Nine principal components with
eigenvalue >1 accounted for 88 % of the total variation with Principal Component 1 capturing majority of the variation. Most of the traits
especially oil yield and yield component traits, contributed to the divergence between and within the germplasm, indicating that wide variation
exists in the germplasm materials studied. Ward’s cluster analysis based on the PCA results grouped the 42 oil palm accessions into six clusters
with cluster-VI having the highest number of members. Furthermore, there was no association between genetic diversity and geographical origin.
The means of the agronomic traits of each cluster showed that cluster-111 had the highest mean value of yield traits. Also, the cluster groups
having high mean values for desired traits could be selected for the traits per se. These accessions could be used to produce high yielding oil

palm materials.
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I. INTRODUCTION

Oil palm (Elaies guineensis Jacg.) is a diploid
monocotyledon belonging to the family Arecaceae. The oil
derived from it, palm oil is one of the world’s most traded
vegetable oil in the international market and most widely
consumed edible oil [1], [2]. It has been predicted that by the
year 2020, the world production of oils and fats will increase
to 174 million tonnes and palm oil production to 35 million
tonnes and that by then, palm oil will be the dominant
vegetable oil in the world [3]. Most of oil palm plantation and
palm oil production are provided by Indonesia and Malaysia,
as both contribute about 44 % and 41.5 % respectively to the
world palm oil production [4]. However, the oil palm breeding
populations in both countries are derived from a narrow
genetic pool. Most of the commercial planting materials
utilized are derived from the Deli dura, which was first
introduced in Indonesia and afterwards in Malaysia [1]. The
narrow genetic pool of oil palm resulted into quite a lot of
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expeditions being mounted by researchers in Malaysia to
collect oil palm germplasm in Africa and south-central
America [5].

Evaluation of oil palm genetic variability is needed for
various purposes such as for the selection of superior palms
and it also serves as a first step towards effective utility in
breeding programs [6]. With the dawn of advanced computer
technologies, it has become possible to study the complex
relationship among genotypes through chemometric or
multivariate analyses which offers an enhanced understanding
of the structure, predominantly of large germplasm collections
[7]. In this view, chemometric or multivariate statistical
methods, particularly the principal component and cluster
analyses have gained wide recognition in the evaluation of
germplasm materials of many species [8], [9], [10], [11], [12],
[13], [14].

Chemometric is the science of relating measurements made
on a chemical system or process for the complex state of the
system via multivariate statistical methods [15]. One of the
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main advantages of chemometric methods is that it is possible
to explore complex co-linear multivariate information in a
graphic display. Principal component analysis (PCA) is the
fundamental chemometric method based on vector algebra
[15]. The main purpose of the method is to reduce the
dimensions of complex multivariate data and to simplify data
interpretation by finding new orthogonal variables, principal
components (PCs), describing the variance in the data. Cluster
analysis is used in the categorization of germplasm materials
into groups based on similarity or dissimilarity [2].

There is a need to introduce oil palm germplasm as the
genetic base of the oil palm industry in Malaysia is very
narrow, mostly originating from the four palms planted in
Bogor in 1848. Hence, the germplasm introduced needs to be
evaluated and characterized. This study, therefore, aims to
determine the level of variation in the oil palm germplasm and
to identify and classify the groups of accessions with different
genetic diversity based on quantitative traits.

I MATERIALS AND METHODS

A. Breeding Materials and Site Location

The germplasm used in this study originated from Senegal
and Gambia. A random sample of five families from the
breeding materials was collected in July-August 1993 by
researchers from Malaysian Palm Oil Board (MPOB) from the
two countries. The germplasm materials were planted at
Kluang under the MPOB Research Station Kluang, Johor in
1996. The palms were derived from the Independent
Completely Randomized Design, where a total number of 415
open-pollinated palms were planted in Trial 0.352 (Senegal
materials) and Trial 0.357 (Gambia materials) with two
replicates each (41 progenies in replication 1 and 15 progenies
in replication 2). For the purpose of this study, available
quantitative data on the Senegal and Gambia germplasm were
collected at the MPOB headquarter.

B. Data Collection

Data on yield and yield components were evaluated from
2000 — 2007. Harvesting of oil palm usually begins at 36
months after field planting with subsequent operations carried
out at regular intervals of seven to ten days, i.e. three rounds
in a month. The bunch yield components were fresh fruit
bunch (FFB), bunch number (BNO), and average bunch
weight (ABW) and other derivatives used in this study.
Quantitative data on the bunch components were evaluated in
the 2001 until 2006. Bunch and fruit components were
determined using the bunch analysis technique developed by
Blaak et al. [16]. Vegetative characters of the oil palm
germplasm were pooled eight years after field planting. Frond
production was first calculated after the 7™ year before other
parameters were taken a year after i.e. year 2004. The
physiological characters on the other hand were assessed
based on measurements on collective data of bunch yields and
bunch quality components, following the methods developed
by Squire [17]. Data on the physiological characters were
assessed in the year 2007. Fatty acid traits on the other hand

MJoSHT 2018, Volume 1, Issue 1

were pooled between the years 2000 — 2007. The fatty acid
composition was evaluated using the method proposed by
Timms [18] for routine analysis using Gas chromatography.

C. Statistical Analysis

The quantitative morphological data collected was arranged
in Excel Microsoft word. The oil palm accessions were
organized according to their family codes. Simple descriptive
statistics such as mean, standard deviation, standard error,
minimum, maximum and variance for each collected trait were
calculated using SPSS statistical tool. This was done to know
the extent of variation in the germplasm accessions. The
average of the quantitative data was also standardized to give
equal weight to all measurements using the following formula:

Z=X—-ujo @
where, X = Value to standardize
| = Arithmetic mean
O = standard deviation of the distribution

D. Principal Component Analysis (PCA)

PCA simplifies the complex data by transforming a number
of correlated variables into a smaller number of variables
called principal components. The first principal component
accounts for maximum variability in the data as compared to
each succeeding component. PCA was analyzed using “THE
UNSCRAMBLER®X” software [19]. Mathematically, PCA
involved in the decomposition of the original data matrix, X,
into a structure part and noise part. In matrix representation,
the model with a given number of components as follows:

X=TPT+E @)

where T is the scores matrix, P the loadings matrix
(transposed) and E the error matrix. The structured part of the
data are the combination of scores and loadings in which
focused by user on interpretation of PCA results while the
remaining part is called error or residual matrix. The a®
column of T and a' row of P is represented by vectors of z,and
pa respectively, and both are the vector representations of the
a™ PC. The number of PCs is denoted by 4, while a is the
number of PC such as 1, 2, 3 up to A. The maximum number
of PCs (4) determined is either / — 1 (number of objects — 1)
or J (number of variables) depending on which give smaller
value. Thus, the first scores vector and the first loadings vector
are called eigenvectors of the first principal component.
Therefore, each successive component is characterized by a
pair of eigenvectors for both the scores and loadings [19].

E. Cluster Analysis

Cluster analysis identifies variable which were further
clustered into main groups and subgroups using Ward’s
method through the “THE UNSCRAMBLER®X” software
[19]. The ward’s method [20] used in this study optimizes an
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objective function; that is, it minimizes the sum of squares
within groups and maximizes the sum of squares between
groups. Ward’s method is similar to the linkage methods in
that it begins with N clusters, each containing one object, it
differs in that it does not use cluster distances to group objects.
Instead, the total within-cluster sum of squares (SSE) is
computed to determine the next two groups merged at each
step of the algorithm. The error sum of squares (SSE) is
defined (for multivariate data) as:

k n

SSE:ZZ(yij _y)z ®)

i=1 j=1

where yjj is the j™ object in the i cluster and n; is the number
of objects in the i™ cluster.

I1l. RESULTS AND DISCUSSION

A. Principal Component Analysis

It was stated that when agronomic character contributed
mostly to yield, it complicates the designing of an ideal crop
architecture and that finding out several typical agronomic
traits of a crop is of assistance in architecture designing and /
or in designing high crop yield. This concept could be

materialized through multivariate statistical analysis [10].
PCA through its dimension reduction method is of immense
help in knowing the traits contributing most to variation.

In present study, nine PCs with Eigen values greater than
one and total cumulative variance of 88 % were extracted from
the numerous variables through PCA with average bunch
weight (ABW) and bunch weight (BWT), petiole cross section
(PCS), bunch number (BNO), palmitic acid (C16:0), carotene,
mean nut weight (MNW), plant height (HT), iodine value (V)
and kernel to bunch ratio (K/B) contributing mostly to PC1,
PC 2, PC 3, PC 4, PC 5, PC 6, PC 7, PC 8 and PC 9,
respectively (Table 1). This translates that oil palm accession
with higher scores for these traits seems will attain high yield
more easily and as a result, these traits should be given utmost
importance in the breeding program of oil palm germplasm
under study. This result follows similar trends to that of
Deyong [10] in analysis among main agronomic traits of
spring wheat. Furthermore, it can also be observed from the
PCA results that most of the yield contributing traits were poor
on other PCs except for PC 1. From the findings of this study,
it is obvious that a good hybridization breeding program can
be initiated by the selection of genotypes from PC 1 and PC 2.
This result also agrees with the findings on morphological
diversity and trait association in bread wheat [21].

TABLE |
PRINCIPAL COMPONENT ANALYSIS FOR SENEGAL AND GAMBIA OIL PALM GERMPLASM BASED ON 46 AGRONOMIC TRAITS

Traits 1 2 3

FFB (fresh fruit bunch) -0.89 -0.29 -0.22
BNO (bunch number) -0.22 -0.60 -0.65
ABW (average bunch weight) -0.96 -0.07 0.13
BWT (bunch weight) -0.96 -0.10 0.14
MFW (mean fruit weight) -0.88 0.03 0.35
MNW (mean nut weight) -0.21 -0.14 -0.01
P/B (parthenocarpic bunch) -0.83 0.06 0.24
M/F (mean to fruit ratio) -0.84 -0.04 0.47
K/F (kernel to fruit ratio) 0.66 -0.06 -0.25
S/F (shell to fruit ratio) 0.78 0.07 -0.48
O/DM (oil to dry mass ratio) -0.39 -0.18 0.51
O/WM (oil to wet mass ratio) -0.39 -0.20 0.51
F/B (fruit to bunch ratio) 0.24 -0.27 0.44
O/B (oil to bunch ratio) -0.75 -0.16 0.56
K/B (kernel to bunch ratio) 0.65 -0.16 -0.07
QY (oil yield) -0.94 -0.14 0.25
KY (kernel yield) -0.30 -0.61 -0.53
TEP (total economic product) -0.94 -0.24 0.15
FP (frond production) -0.09 -0.64 -0.27
PCS (petiole cross section) -0.45 0.78 -0.26
RL (rachis length) -0.49 0.74 -0.10
LL (leaf length) -0.26 0.43 -0.50
LW (leaf width) -0.58 0.33 0.12
LN (no of leaves) -0.47 0.51 0.03
HT (plant height) 0.08 -0.02 -0.26
LA (leaf area) -0.74 0.60 -0.15
LAI (leaf area index) -0.75 0.59 -0.15
DIAM (diameter of trunk) -0.04 0.72 0.07
F (fractional rad. intercept.) -0.63 0.67 -0.16

Principal Component Axes
4 5 6 7 8 9
-0.09 -0.09 0.04 -0.13 0.13 -0.09
-0.15 -0.08 -0.05 -0.10 0.14 -0.10
0.00 -0.05 0.10 -0.10 0.08 -0.01
-0.10 0.07 0.05 -0.02 0.03 -0.03
0.06 -0.04 0.27 -0.04 -0.04 -0.06
0.23 -0.26 0.74 -0.02 0.20 0.04
-0.15 0.01 0.11 -0.18 -0.19 -0.15
0.03 0.07 0.13 -0.03 -0.15 -0.03
-0.22 -0.14 0.08 -0.32 -0.07 0.49
0.03 -0.04 -0.18 0.15 0.20 -0.13
-0.10 -0.01 -0.55 0.14 -0.09 0.09
-0.09 0.05 -0.53 0.08 -0.21 0.11
0.13 -0.34 0.49 0.01 -0.16 0.19
0.04 0.05 0.12 0.00 -0.20 0.07
-0.13 -0.25 0.26 -0.28 -0.12 0.52
-0.05 0.01 0.11 -0.05 -0.04 -0.02
-0.31 -0.07 0.14 -0.17 0.06 0.25
-0.10 0.00 0.13 -0.07 -0.03 0.03
-0.15 0.00 -0.12 0.39 -0.21 0.22
-0.11 -0.11 -0.03 0.07 -0.06 0.12
-0.20 0.07 -0.10 -0.11 -0.06 0.05
0.17 0.36 -0.08 -0.14 -0.06 0.17
0.38 -0.38 0.08 -0.08 0.24 -0.13
-0.26 0.13 -0.06 0.14 -0.20 0.29
0.06 -0.31 0.32 0.65 -0.14 -0.22
0.17 0.04 0.03 -0.02 -0.01 0.12
0.17 0.04 0.03 -0.02 -0.01 0.12
0.02 -0.52 -0.11 -0.10 -0.08 0.06
0.15 -0.02 -0.06 -0.03 0.03 0.17
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LAR (leaf area ratio) -0.39 -0.57 0.11
BDM (bunch dry mass) -0.88 -0.32 -0.26
VDM (vegetative dry mass) -0.38 0.69 -0.35
TDM (total dry mass) -0.85 0.18 -0.39
BI (bunch index) -0.59 -0.68 -0.26
E (radiation efficiency) -0.69 -0.17 -0.46
NAR (net assimilation ratio) -0.25 -0.50 -0.43
C14:0 (myristic acid) -0.29 -0.49 0.42
C16:0 (palmitic acid) -0.17 -0.30 -0.41
C16:1 (palmitoleic acid) -0.09 0.17 -0.55
C18:0 (stearic acid) 0.30 0.00 0.41
C18:1 (oleic acid) 0.16 0.43 0.11
C18:2 (linoleic acid) -0.22 -0.44 0.27
C18:3 (linolenic acid) -0.12 0.19 -0.63
C20:0 (arichidic acid) -0.05 -0.34 -0.29
IV (iodine value) -0.06 0.16 0.46
Carotene 0.06 -0.13 -0.09
Eigenvalue 11.20 6.67 5.01
Variance (%) 28 17 13

Cumulative (%) 28 45 58

0.31 0.50 0.07 -0.15 0.07 0.19
-0.16 0.00 0.02 -0.05 0.09 -0.06
-0.12 -0.31 -0.03 0.26 -0.17 0.16
-0.19 -0.18 0.00 0.12 -0.04 0.05
-0.16 0.19 0.03 -0.12 0.15 -0.03
-0.40 -0.26 -0.03 0.19 -0.07 -0.04
-0.55 -0.31 -0.09 0.20 -0.08 -0.11
0.39 -0.01 -0.17 0.22 0.30 0.06
0.76 -0.10 -0.09 0.02 -0.28 0.03
0.45 0.30 -0.09 -0.04 0.02 -0.12
-0.29 -0.30 -0.03 -0.44 -0.25 -0.35
-0.73 0.33 0.20 0.05 0.24 -0.04
0.49 -0.41 -0.28 0.12 0.04 0.25
0.31 -0.02 -0.06 -0.04 0.22 0.02
-0.24 -0.30 -0.33 -0.44 -0.10 -0.04
-0.50 0.00 -0.06 0.26 0.52 0.29
-0.12 0.56 0.34 0.19 -0.51 0.01
3.47 2.36 213 1.65 1.38 1.21
9 6 5 4 3 3
67 73 78 82 85 88

The scree plot as shown in Figure 1 is a visual aid for
determining an appropriate number of PCs. It shows the
eigenvalue against the component number. The eigenvalues
measure the amount of variation explained by each PC and will
be largest for the first PC and smaller for the subsequent PCs.
An eigenvalue of greater than one indicates PCs accounted for
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more variance than accounted by one of the original variables in
standardized data and it is commonly used as a benchmark for
which PCs are retained [22]. The scree plot in this study showed
that maximum variation was present in the first PC and the
selection of genotypes from PC 1 will be useful [23].

PC-0 PC-1 PC-2 PC-3 PC-4
PCs

PC-5 PC-6 PC-7 PC-8 PC-9

Fig. 1 Scree plot of principal component analysis between percentage variance and number of principal components

B. Loadings

PC loadings (Figures 2 and 3) are the correlation coefficients
between the PC scores and the original variables. PC loadings
measure the importance of each variable in accounting for the
variability in the PC [9]. In this study, variables on the left
quadrant with high loadings on PC 1 include TDM, P/B,
MFW, ABW, BWT, OY, M/F, OY, TEP, FFB, BDM, O/B and
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e while those on the right quadrant with high loadings include
S/F, K/F and K/B; these set of variables can be said to anti-
correlated. Those on the left quadrant are traits conferring high
yield to palms while those on the right quadrant are not yield
contributing traits and oil palms with high percentage of S/F,
K/F and K/B will be low in yield. This is evident from the
strong negative correlation that was unveiled between
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variables and FFB and other yield traits in the research carried
out by our co-workers on the association between oil palm
traits [24].

Variables with high contribution to PC 2 include BNO, PCS,
RL, FP, DIAM and BI. Also, from the loadings plot, variables
that lie close together along the same PC can be said to be
highly correlated [5]. As stated by previous researcher [9],
high correlation between PC 1 and a variable indicates that the
variable is associated with the direction of the maximum
amount of variation in the dataset also; more than one variable
might have a high correlation between with PC 1. A strong
correlation between a variable and PC 2 indicates that the

Loadings
03

PCS DI
F RL, voum
T o
02 . WL c18t
w
o DM ct,’%'”
3 B ! SIF
X ﬁﬁ” WE HT c180 R
T %WT ' KIE
o \ 'Q/B MNW arotene KB
g TP e @i .
g " FB
01 . C180 canp .
C182
CIHAR.
02 LAR 2 +BNO
KY
Bl . c PP
03

03 02 04 0 04
PC-1 (28%)

Fig.2 Scattered diagram of 46 oil palm germplasm traits for first two
components contributing almost half of the total variability

C. Scores

PC scores are the derived composite scores computed for
each observation based on the eigenvectors for each PC [9].
From the scores of the oil palm germplasm summarized in
Table 2, oil palm genotypes with high scores on PC 1 can be
said to be the most diverse. Those with high negative scores
i.e. SSC 3, SEN 09.04 and SEN 01.02 can be said to
compliment variables with high negative loadings on PC 1
while those with high positive scores i.e. SEN 13.07 and SEN
02.08 are complementary to variables with high positive
loadings on PC 1[5]. The oil palm genotypes with high
negative scores are of the high yield type as yield traits as
observed from the loading plots were loaded negatively on PC
1 while the non-yield traits were also positively loaded on PC
1 and genotypes with high positive scores can be said to be
non-yield type. Therefore, from the scores given to the Senegal
and Gambia oil palm germplasm, breeders can select
genotypes with highest score having desirable characters for
further breeding program.

MJoSHT 2018, Volume 1, Issue 1

variable is responsible for the next largest variation in the data
perpendicular to PC 1 and so on.

Furthermore, on the PC, some variables, particularly
amongst the fatty acid traits had no significant loadings on any
of the extracted PCs. This suggests that the variables have little
or no contribution to the variation in the Senegal and Gambia
oil palm germplasm. Therefore, PCA may often indicate
which variables in a dataset are important and which ones may
be of little importance [9].

Correlation Loadings (X)

PC-2 (17%)

Fig. 3 Scattered diagram of 46 oil palm germplasm traits showing correlation
to the first two components

Furthermore, scores plot which is a dimensional scatter plot
signifies how well the data is distributed and gives information
about the samples. In the scores plot of the present study
(Figure 4), oil palm genotypes that are closer to one another
have close values of the corresponding variables while those
that are far away from one another are quite different in values
for corresponding variables [5]. The scores plot of the Senegal
and Gambia materials portrayed that genotypes that are close
together are sensed as being similar when rated on all the
variables studied while genotypes which are further apart are
more diverse from other accessions [25].

In the present study, SSC 3 was the most distant oil palm
genotype from other oil palm accessions. The reason for this
is glaring as SSC 3 is a standard cross; i.e. hybrid between a
dura and a pisifera and standard crops also known as tenera
are known to be f high commercial value as they are high
yielding genotypes as compared to their dura counterparts
used in this study [26]; [27]. Asides from SSC 3, genotypes
which are also diverse as can be seen from the scores plot
include SEN 01.02, SEN 09.04 and GAM 05.08. The Gambia
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material GAM 05.08 was expected to be different because it is
not of the same origin with the “SEN” genotypes.

SCORES OF THE 42 SENEGAL-GAMBIAN OIL PALM GERMPLASM ON THE EXTRACTED PCS

TABLE II

Principal Components

Accessions
GAM 05.02
GAM 05.08
SEN 01.02
SEN 01.03
SEN 02.01
SEN 02.04
SEN 02.05
SEN 02.06
SEN 02.08
SEN 02.09
SEN 03.03
SEN 03.06
SEN 03.07
SEN 04.01
SEN 04.02
SEN 04.03
SEN 05.01
SEN 05.02
SEN 05.03
SEN 05.04
SEN 05.05
SEN 05.08
SEN 06.01
SEN 06.08
SEN 07.03
SEN 07.04
SEN 07.05
SEN 07.08
SEN 08.02
SEN 08.03
SEN 08.04
SEN 09.04
SEN 10.03
SEN 10.05
SEN 12.01
SEN 12.02
SEN 12.03
SEN 12.05
SEN 13.01
SEN 13.04
SEN 13.07
SSC 3

PC-1
1.29
1.79
-3.11
-0.57
0.12
0.17
-0.12
0.37
4.25
0.70
0.43
0.44
2.63
1.48
0.94
-0.79
0.53
-0.06
-0.83
0.74
1.55
0.61
0.41
-0.12
-0.03
-0.49
2.21
0.98
-0.45
2.87
2.81
-7.87
1.21
1.13
2.07
2.42
0.92
2.77
2.45
1.30
4.83
-16.53

PC-2
-0.20
-5.64
5.96
0.09
0.72
0.02
-3.47
-0.63
5.04
-0.73
0.42
-0.49
-1.70
0.73
-1.58
-1.66
-1.27
-3.63
-1.83
-0.33
-0.94
-2.88
-1.67
-0.69
-0.68
-1.73
-1.77
-2.15
-1.92
0.33
-1.19
-1.73
-0.77
-2.22
2.37
412
3.50
3.90
2.12
4.57
4.23
3.01

PC-3
1.23
2.19
-8.83
0.49
-0.75
-0.21
-1.48
-2.06
3.20
-1.73
-1.36
-1.32
0.20
0.84
-1.06
-1.64
1.25
-0.02
-1.79
-0.37
-1.79
-0.57
-0.71
0.47
0.91
-1.59
1.80
-1.96
-2.83
3.28
2.32
3.43
1.51
-0.02
0.61
-0.27
0.38
1.24
-2.19
0.52
3.91
3.46

PC-4
-1.77
1.67
4.30
-0.45
-0.57
-1.44
-1.93
-1.37
-0.54
-0.47
0.94
3.93
0.93
0.39
1.46
1.17
0.60
0.96
-0.14
-1.04
-0.99
-2.47
-1.55
-1.07
-1.62
-1.06
3.19
-1.56
1.13
0.21
1.94
2.45
2.25
-1.48
-0.19
-3.60
0.44
-2.21
-0.95
-1.31
4.31
-1.12

PC-5
1.03
2.79
1.25
-1.02
0.45
-1.10
0.10
-1.41
1.30
0.54
0.33
2.82
2.04
1.12
-1.38
0.80
-0.51
-1.71
-0.49
2.51
-0.01
-0.37
-1.68
0.31
-0.44
-1.38
0.00
-0.24
-1.76
1.68
0.33
0.09
-0.69
-1.16
-0.63
3.02
1.31
-0.40
-3.10
-0.79
-4.40
-0.23

PC-6
-0.78
4.07
1.33
0.60
-0.58
-0.57
-0.75
-0.31
1.89
0.40
-0.23
-1.35
1.45
-1.74
-2.47
-1.44
-1.27
3.49
-1.28
0.72
2.34
-0.72
-1.54
1.80
0.01
-0.12
-1.11
-0.02
0.57
0.59
-0.82
-1.23
-1.26
-0.80
-0.91
-1.15
-1.83
0.30
2.52
0.21
0.65
1.23

PC-7
1.67
-1.39
1.73
1.53
-0.38
0.63
-0.52
0.22
0.73
-0.07
-0.60
-0.58
-1.58
-1.13
-0.79
-1.34
-2.31
0.43
-0.68
-0.94
0.37
0.45
-0.52
1.47
0.59
0.51
1.15
1.59
-1.87
1.25
3.11
1.83
1.01
0.78
0.03
-2.41
1.00
-0.09
-0.12
0.87
-2.49
-1.32

PC-8
-2.32
-1.04
1.29
0.25
-0.29
1.56
-0.28
0.70
-0.05
-0.43
-0.12
-1.80
-0.51
0.50
-0.65
1.54
0.78
1.13
0.65
0.37
0.36
0.59
0.23
0.77
0.40
-1.37
-1.94
0.13
0.19
2.74
0.27
2.33
-0.50
-0.53
-0.60
1.38
-2.07
0.22
-2.35
-0.14
0.92
-1.60

PC-9
0.97
1.49
0.23
-0.44
0.67
0.29
0.43
0.25
-1.42
-1.10
0.29
-0.70
-0.62
0.76
-1.03
1.31
0.71
1.63
0.48
-0.18
-0.38
-2.26
1.33
0.08
1.08
-1.07
-0.16
-0.80
-1.45
-1.17
-1.78
1.08
1.26
-1.23
0.59
-1.04
1.28
2.56
0.44
0.99
-1.09
-1.22

MJoSHT 2018, Volume 1, Issue 1

Page 15




Scores

6 - SEN 01.02 SEN 02.08
5 4 SEN 13.04
] SEEN%Q%SEN1307
4 $EN 12.03 * ,
SscC 3
31 ¢ S%‘E@%Qb1
5] .
—_ ] S
= 1 1 SEB%E% SEN 08.03
T 0 e
]
(@) A
a -1 SEN 09.04 SERGHE
| . ki 208
27 SHN 05:08
-3 4 FEN $% %2
4 4
-5 GAM 05.08
6 : N — : : : —_— .
-18 -16 -14 12 -10 -8 -6 -4 -2 0 2 4 6

D. Bi-Plot

The Bi-plot display is a visualization technique for
investigating the inter-relationships between the observations
and variables in multivariate data [9]. From the bi-plot (Figure
5), genotypes SSC 3, SEN 09.04 and SEN 01.02 will be a good

° I < °
N IS o ® -

PC-2 (17%)
o

-0.2

0.4

-0.6 -

-0.8 1

PC-1(28%)

Fig. 4 Two dimensional ordinations of 42 Senegal-Gambian oil palm accessions on principal axes 1 and 2

choice for genetic improvement. GAM 05.08 will be the best

Bi-plot
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Fig. 5 Bi-plot of 46 oil palm agronomic traits and 42 oil palm accessions on PC 1 and PC 2
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choice for high carotene palm. The result of this is in
conformity with that of Doumbia et al. [11] who used the bi-
plot graph to suggest good candidates of cowpea accessions to
be used in genetic improvement of the crop.

Page 16



E. Cluster Analysis

Estimating genetic diversity and determining the
relationships between collections are very useful for ensuring
efficient germplasm collections and different markers are
available for studying the variability among accessions [23].
Several techniques have also been used to classify and
measure the patterns of phenotypic diversity in the
relationships of species and germplasm collections for a
variety of crops. However, morphological characterization
constitutes the first step in the description and classification of
germplasm [28].

PCA alone may not give a clear character representation in
terms of their contribution to genetic diversity and hence, the
need for PCA to be complemented with other techniques such
as cluster analysis which provides more information about the
relative positions of the accessions [8]. Cluster analysis of the
germplasm resources is helpful for parental selection in the
plant breeding program [10]. In this study, all the Senegal and

Gambia oil palm germplasm were clustered into six types with
each group having its own peculiar characters (Figure 6). Such
information would be effective in selecting parental materials
to breed new expected oil palm varieties. The MPOB-Nigerian
oil palm germplasm also grouped into eight types by cluster
analysis.

Though cluster analysis was able to group accessions with
greater morphological similarity together, the grouping did not
necessarily group accessions from the same origin together.
This can be observed in the grouping of Gambia materials
which were not in the same cluster group but were found
grouped together with some of the Senegal materials. This
shows that there is no consistency between geographical origin
and genetic distance. Previous researchers also reported lack
of relationship between geographical origin and distance [8]
[12]. It is believed that the association between genetic
similarity and geographic distance among genotypes is not
always clear [28]. This may be due to migration of the oil palm
materials from one region to another in collection site.

Ward's method using Squared Euclidean distance

SSC3

1
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SEN 06.01

SEN 02.05
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SEN 07.08
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5
Relative distance

Fig. 6 The relationship among the oil palm germplasm reflected by cluster analysis

Based on the means value for each cluster (Table 3), cluster-
I, cluster-11 and cluster-111 contained genotypes with high yield
characters and in line with the goal of plant breeders [8].
Hence, these genotypes could be exploited for their release as
high yielding accessions after testing them on a wide range of
environments. Furthermore, these genotypes can also be
utilized as parents in hybridization programs to develop high

MJoSHT 2018, Volume 1, Issue 1

yielding oil palm varieties. This finding is in conformity with
research of Ajmal et al. [8]. Also, cluster-11 had the lowest
height and hence, the genotype in this group could be used for
breeding of short palms as it is a preferred trait in oil palm
breeding for easy harvesting of fresh fruit bunch [25]. Groups
with desired traits can also be exploited directly for such traits.
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TABLE IlI

CHARACTERISTICS MEANS OF SIX CLUSTERS GENERATED BY WARD’S CLUSTER ANALYSIS BASED ON 46 AGRONOMIC TRAITS

Cluster-1 Cluster—II Cluster-I11 Cluster-1V Cluster-V Cluster-VI
FFB 106.04 141.68 197.68 49.15 62.51 88.51
BNO 21.00 18.88 15.86 14.22 16.33 20.19
ABW 5.05 8.83 12.55 3.37 3.88 4.36
BWT 3.93 8.49 12.57 2.63 3.41 3.88
MFW 2.65 6.97 12.50 231 3.11 251
MNW 191 1.65 1.89 1.53 1.79 1.58
P/B 0.00 0.55 5.10 0.10 0.24 0.37
M/F 28.09 57.40 84.31 33.80 38.67 35.12
K/F 13.29 9.03 6.41 16.70 14.96 15.54
SIF 58.62 33.58 9.28 49.50 46.37 49.34
O/DM 61.73 75.15 77.37 68.49 70.43 70.33
Oo/WM 32.13 46.11 49.68 39.58 41.66 41.42
F/B 50.76 57.35 55.60 58.20 60.22 57.33
o/B 4,58 15.50 23.12 7.79 10.21 8.51
K/B 6.78 5.29 3.62 9.63 9.02 8.89
oYy 4.86 27.17 45.76 3.36 7.12 7.57
KY 7.19 5.67 7.16 4.28 6.03 7.79
TEP 9.17 30.57 50.05 5.93 10.73 12.25
FP 30.00 33.50 28.14 28.80 31.76 31.74
PCS 29.52 17.88 27.53 20.13 12.87 16.01
RL 4.45 3.94 5.00 4,13 347 3.85
LL 107.20 88.54 88.86 86.60 80.08 86.44
LW 457 4,98 5.16 4.10 391 3.93
LN 136.00 125.50 158.07 130.73 121.34 122.35
HT 3.39 2.60 2.58 2.77 3.01 2.81
LA 7.59 6.40 8.28 5.24 4.36 4,74
LAI 4.49 3.79 4.90 3.10 2.58 2.81
DIAM 0.70 0.69 0.74 0.76 0.61 0.66
F 0.86 0.78 0.88 0.72 0.65 0.68
LAR 12.36 17.03 14.60 11.12 14.17 13.06
BDM 8.32 11.11 15.81 3.46 4.95 6.96
VDM 18.43 12.77 16.15 13.74 10.00 11.74
TDM 26.75 23.89 31.96 17.20 14.95 18.70
Bl 0.31 0.45 0.49 0.19 0.32 0.37
E 1.00 0.96 1.18 0.77 0.74 0.89
NAR 11.46 11.76 12.88 10.81 11.25 13.15
C140 0.30 1.13 0.52 0.36 0.65 0.49
C160 44.76 39.74 38.69 37.18 40.27 39.40
C161 0.53 0.10 0.13 0.12 0.12 0.16
C180 2.20 4.03 5.32 5.70 4.89 5.20
Cci181 43.45 41.52 45.07 47.42 42.85 44.56
C182 8.16 13.29 9.94 8.93 10.91 9.86
C183 0.60 0.10 0.18 0.17 0.18 0.19
C200 0.00 0.07 0.12 0.10 0.08 0.14
v 53.58 59.09 56.58 56.82 56.34 56.05
Carotene 1575.49 1421.42 1607.71 1624.35 1793.83 1638.94

Figures in bold are maximum values

F. Genetic Distance

According to squared Euclidean distances (D% among the
genotypes (Table 4), the largest genetic distance was between
SEN 13.07 and SSC 3; this was followed by SEN 02.08 and
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SSC 3. Hence, crosses between morphologically distant
genotypes will result in maximum heterosis. The importance
of genetic diversity to maximum heterosis has been reported
by many researchers [28].
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Genotypes with the largest genetic distance between them
can be hybridized as hybrids of maximum distance result in
high yield. On the other hand, the least genetic distance was
recorded in SEN 02.06 and SEN 07.08. Therefore, crosses

between genotypes of proximity should be avoided. However,
it was suggested that crosses between close genotypes could
be useful for backcross breeding programs [29], [30].

TABLE IV
INTER CLUSTER DISTANCE AS ANALYZED BY PROXIMITY MATRIX OF SQUARED EUCLIDEAN DISTANCE
Squared Euclidean Distance
Case
1: Cluster-I 2: Cluster-11 3: Cluster-111 4: Cluster-1V 5: Cluster-V 6: Cluster-VI

1: Cluster-1 0.000 118.586 149.386 99.442 107.001 86.122
2: Cluster-11 118.586 0.000 74.408 91.789 63.147 56.828
3: Cluster-111 149.386 74.408 0.000 151.442 158.627 126.870
4: Cluster-1V 99.442 91.789 151.442 0.000 38.770 36.825
5: Cluster-V 107.001 63.147 158.627 38.770 0.000 20.757
6: Cluster-VI 86.122 56.828 126.870 36.825 20.757 0.000

IV.CONCLUSIONS

Morphological diversity among the Senegal and Gambia oil
palm germplasm was well defined by both principal
component and clustering analyses. Considering the different
morpho-bio-agronomic descriptors, it has been possible to
observe a noteworthy inter and intra-group diversity. This
recommends the likelihood of attaining, through selection,
suitable genotypes combining the high yield with desirable
traits for direct release as cultivars in the Malaysian Palm Oil
Board (MPOB).
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