ASIAN JOURNAL OF AGRICULTURE
Volume 5, Number 1, June 2021
Pages: 35-43

E-ISSN: 2580-4537
DOI: 10.13057/asianjagric/g050106

Genetic diversity of weedy rice (Oryza sativa f. spontanea) populations in
Sri Lanka: An application of Self Organizing Map (SOM)

SHYAMA R. WEERAKOON?, SENEVIRATNE SOMARATNE
Department of Botany, The Open University of Sri Lanka, Nawala, Nugegoda 10250, Sri Lanka. *email: shyamaweerakoon@gmail.com

Manuscript received: 29 November 2020. Revision accepted: 21 March 2021.

Abstract. Weerakoon SR, Somaratne S. 2021. Genetic diversity of weedy rice (Oryza sativa f. spontanea) populations in Sri Lanka: An
application of Self Organizing Map (SOM). Asian J Agric 5: 35-43. Weedy rice (WR) (Oryza sativa f. spontanea) has become a major
threat in rice cultivation. Discrimination of WR from cultivated rice is difficult since agro-morphology of WR and cultivated rice are
overlapping. Molecular markers are useful and can be an informative tool for estimating genetic diversity and relationships in closely
related WR eco-types. Self-Organizing Maps (SOM) is an interesting and promising classification tool employing an innovative and
data-driven classification method based on unsupervised artificial neural networks. The present study focused on exploring the potential
use of SOM to classify WR populations of different eco-climatic zones in Sri Lanka using agro-morphological and molecular data.
Separate SOMs for each set of variables, agro-morphological and molecular data were developed. The best SOM was chosen based on
the error performance. Findings of SOM analyses showed that certain morphological characters (seedling height, leaf blade width, leaf
blade length, culm strength, panicle shattering, seed coat color and leaf angle) and certain molecular characters detected from SSR
primers (RM 11, RM 21, RM 14, and RM 280) are important in separation of different WR eco-types satisfactorily. SOM clustering of
cultivated, wild, and WR eco-types indicated specific patterns of grouping with respect to climatic conditions of the country. WR eco-

types in dry zone and wet zone of the country are closely related to Oryza nivara and O. rufipogon respectively.
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INTRODUCTION

Weedy rice (WR) (Oryza sativa f. spontanea) belongs
to the Family Poaceae and is widely distributed in rice-
planting areas all over the world, particularly in South and
South-East Asia, South and North America, and Southern
Europe (Mortimer et al. 2000; Chauhan and Johnson 2010;
Chauhan 2012). Emergence of WR leads to high
production costs, reduction of yield (Azmi et al. 2008) and
lowered commodity value by staining the grains with
undesirable pericarp color (Mortimer et al. 2000).
Presently, WR has reached a considerable competitive level
of infestation threatening rice cultivation sustainability,
especially in Asian countries (Londo et al. 2007). WR was
first reported in 1992 from Ampara District, Sri Lanka, and
has spread into many areas of the country. WR occurs in all
agro-ecological zones of the country with varying
population densities (Abeysekara et al. 2010). Factors that
contribute to the distribution of WR are: gene flow
between wild and cultivated rice varieties, old rice varieties
becoming feral, and crosses between cultivated rice and
wild rice (Marambe et al. 2000; Karunarathna et al. 2014).

Microsatellite  markers ~ were  coupled  with
morphological characteristics to explore genetic diversity
and possible origins of weedy rice in Taizhou city, Jiangsu
Province, China, With wild rice, hybrid rice and cultivated
rice revealing low diversity amongst weedy rice
populations and suggesting that weedy rice has originated
from segregating populations of hybrid rice that hybridized
naturally with cultivated rice (Zhang et al. 2008). Results

of the molecular studies on the Sri Lankan weedy rice
populations carried out by He et al. (2014) have shown that
a high level of genetic diversity as estimated by 23 SSR
loci, which is comparable with that estimated based on
morphological characterization. The genetic features of
weedy rice (Oryza sativa f. spontanea) have been studied
based on morpho-physiology, random amplified
polymorphic DNA (RAPD) (Suh et al. 1997), restriction
fragment length polymorphism (RFLP) (Cho et al. 1995),
amplified fragment length polymorphism (AFLP) (Federici
et al. 2001) and simple sequence repeat (SSR) (Cao et al.
2006; Ma et al. 2008).

SSR markers have been identified as a powerful tool
due to their abundance in eukaryotic genomes, co-
dominance, and high polymorphisms (Gwag et al. 2010;
Zhang et al. 2011) and thus, SSR markers have been used
as allele-specific and co-dominant markers in population
genetic and evolutionary studies of many plants (McKhann
et al. 2004; Upadhyaya et al. 2006).

More recently, with the advancement of computer
technology and algorithms, computerized keys with
interactive systems have been used for plant identification
which allows rapid identification and information retrieval.
There have been several major approaches made to use
computer algorithms in identification of biological
specimens. These include computer-stored dichotomous
keys;  computer  constructed keys,  simultaneous
characteristic-set methods, and automated pattern
recognition (Dallwitz 1980). The Artificial Neural Network
(ANN) has been developed to simulate the activity of the
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human brain (Simon 1999). Among the ANN learning
algorithms, the Self-Organizing Map (SOM) is a learning
algorithm that has been proposed by Kohonen (1982). A
SOM algorithm also known as Kohonen Map or Self-
Organizing Feature Map is an unsupervised neural network
based on competitive learning (Kohonen 1998; Kohonen
2001). SOM is considered as an effective and innovative,
data-driven classification method built on unsupervised
Artificial Neural Networks (ANN) (Wang et al. 2014).
SOM has been applied in varied disciplines such as
agriculture and environment management due to
prediction, estimation, classification, remote sensing image
classification, etc. (Agarwal and Skupin 2008; Brosse et al.
2001). Further, SOM reduces the high-dimensional input
data onto a low-dimensional space.

In general, SOM consists of two types of units viz., an
input layer and an output layer (input variables). The array
of input units operates simply as a flow-through layer for
the input vectors and has no further significance. SOM
often consists of a two-dimensional network of neurons
arranged in a square grid or lattice in the output layer. Each
neuron is connected to its nearest neighbors on the grid.
The neurons store a set of weights, each of which
corresponds to one of the data inputs (Vesanto and
Alhoniemi 2000). During these processes, weights are
adjusted through iteration. The outcome weight vectors of
the SOM nodes are allocated to have characteristic data
patterns. An important feature of SOMs that distinguishes
them from Vector Quantization techniques is that the
neurons are organized on a regular grid. During training,
both Best-Matching Neuron (BMU) and its topological
neighbors are updated.

The comparison of results obtained from the SOMs
with the results obtained from conventional multivariate
statistical methods, such as PCA and correspondence
analysis, revealed that SOM facilitates both visualizations
of the sample units and finds underline structures in
ecological communities (Lek and Gue gan 2000).
Application of SOM in an environmental data set for
predicting the species richness of aquatic insects in streams
has been successfully achieved (Brosse et al. 2001). The
SOM, the MLP, and a network based on the adoptive
resonance theory (ART) wused in animal science
applications (Fernandez et al. 2006). Various algorithms
(including k-means and fuzzy c¢-mean clustering
techniques, SOM, and fuzzy adaptive resonance theory
(ART) have been applied to the dive profiles of penguins
and seals (Schreer et al. 1998). Unsupervised classification
methods such as SOM (Li 2002) have been attempted to
identify and classify crop weeds (Moshou et al. 2001;
Hemming and Rath 2001). The long-term uses of SOM-
assisted discrimination of weedy rice from cultivated rice
can be potentially employed in monitoring edible rice
cultivations, combating unwanted eco-types of rice,
supporting weedy rice combustion with artificial
intelligence tools used by drones, etc.

In agriculture, visualization of complex agro-
morphological and even molecular data of different crop

varieties in two-dimensional space is very important. In
such situation, SOMs can be used as supplementary to
conventional statistical analyses. However, there is scarcity
in the studies that focus on complex patterns of agro-
morphological and molecular characters across different
rice varieties in different origins of ecology. The use of
artificial intelligence systems in controlling weeds,
including weedy rice in rice ecosystems, is important for
widely distributed weeds. SOM provides a way to
recognize the patterns reflected from the output data and
the relationships between the input data. Thus, there are
benefits of application of SOM to solve the problems of
species identification viz. minimize the need for user
interaction and improve the capability of the system to
learn previously vaguely defined complex visual patterns
(Walley et al. 2000).

The objective of this study was to explore the potential
use of the SOM in classification of weedy rice populations
that widely occur in different climatic zones of Sri Lanka
using agro-morphological and molecular data.

MATERIALS AND METHODS

Agro-morphological characterization

The seeds of weedy rice eco-types, cultivated rice
varieties, and wild rice varieties were collected from rice
fields located in twelve (12) Districts (Ampara [12 WR
eco-types], Anuradhapura [8 WR eco-types], Batticaloa [11
WR eco-types], Hambantota [11 WR eco-types], Kandy
[10 WR eco-types], Kurunegala [15 WR eco-types], Matale
[10 WR eco-types], Matara [24 WR eco-types], Mannar
[10 WR eco-types], Polonnaruwa [10 WR eco-types],
Puttalam [11 WR eco-types], and Vauniya [10 WR eco-
types] in different eco-climatic zones (Dry, Wet and
Intermediate zones) in Sri Lanka (Figure 1).

Collected seeds were subjected to dormancy, breaking
treatments, and sown in plastic trays in a plant house at the
Open University of Sri Lanka, Nawala, Sri Lanka. Five
replicates each with a single plant were planted in plastic
pots with paddy soils. Replicates were arranged in a
Complete Randomized Design (CRD). Morphological
characterization using thirty-six (36) characters of different
rice varieties (Table 1) was made using the Standard Rice
Characterization Catalogue (PGRC 1999).

Molecular characterization

Total genomic DNA was extracted from 7-day old
seedlings of WR eco-types, cultivated rice varieties, and
wild rice varieties using Ceygen Plant total DNA
purification kit. Ten SSR primer pairs were used. The
primer sequences and amplification conditions for primers
were obtained from http://www. gramene.org/. A four-
primer system (Schuelke 2000) was used, which included a
universal M13 oligonucleotide (TGTAAAACGACGGCC
AGT), labeled with one of four fluorescent dyes (6-FAM,
NED, PET, or VIC) (Table 2).
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Figure 1. Geographical locations of the weedy rice populations
sampled in Sri Lanka.

The fluorescent dyes allowed the products to be
perplexed during electrophoresis; a special forward primer
composed of a concentration of the M13 oligonucleotide;
and the pigtail reverse primer for SSR PCR amplification.
All amplification reactions were carried out in 30ul
volumes of which contained 1 x PCR buffer, ImM dNTPs,
2UM SSR primers, 2mM MgCl,, 50ng of genomic DNA,
and 0.5 Units of Tag DNA polymerase. The reaction
conditions were: 95 °C for 1min, followed by 30 cycles of
95°C (30 sec), 55 °C (1 min), and 72°C (1 min), with 10
subsequent cycles of 95 °C (30 sec), 53°C (45 sec), and 72
°C (1 min), and a final extension at 72°C for 10 min. The
SSR alleles were resolved on an ABI Prism 3100 DNA
sequencer using GeneScan 4.1 software and sized precisely
using GeneScan600LIZladder. Fragment analysis using
capillary electrophoresis was performed using GENE
MAPPER software and identified different peaks among
weedy rice, cultivated rice varieties and wild rice varieties.
Collected data were normalized (z-score) to have a zero
mean and standard deviation of one (1).

Construction of Self-Organizing Map

A Self-organizing map (SOM) is a form of an ANN that
can provide an objective way of classifying data through
self-organizing networks of artificial neurons. It is a feed-
forward ANN that uses an unsupervised training algorithm
and can be trained to learn or find relationships between
inputs or organize data to discover unknown patterns or
structures. The SOM algorithm has been applied to a

variety of real-world problems (Oja 2002). The main
advantage of applying the algorithm comes from the easy
visualization and interpretation of the map clusters. One of
the main reasons (Kohonen 2002) for using a SOM for
exploratory data analysis and data mining is that it is a
numerical method and can treat numerical statistical data
naturally and represent graded relationships. Other reasons
for using the SOM algorithm include that it is a non-
parametric method; no assumptions about the distribution
of data need be made in advance, and it is a method that
can detect unexpected pattern structures by learning
without supervision. The SOM can be used deductively and
is able to produce results even if the data set is incomplete,
which is extremely important when dealing with biological
material requiring identification. Another advantage of the
SOM is that it can provide a probability for each species of
an unidentified biological specimen belonging to a
particular species. At the same time, the SOM can also be
used to investigate the differences between clusters of
species, and in the process, it is possible that some new
features that are discern between the species might be
revealed. The SOM can also be used to determine which
features or characteristics are the most important or
diagnostic ones to consider when discerning between given
species.

The SOM training utilizes a competitive learning
strategy during which a weighted vector associated with
each neuron in a neural network is modified and is
gradually developed to become sensitive to a set of patterns
from a specific domain of the input space. The result of the
training process is that different neurons specialize to
represent different types of input patterns. This
specialization is enforced by competition among the
neurons. Neighboring neurons are allowed to learn, those
neurons will also gradually specialize to represent similar
patterns, and consequently, the representations on the
output layer will become ordered (Kaski 1996). Usually,
the neurons are arranged on a regular 1- or 2-dimensional
lattice type of array with a hexagonal and oblong
arrangement. This arrangement can represent the data
clusters better than a rectangular arrangement and fits the
data input distribution more easily (Deboeck and Kohonen
1998). The number and positions of neurons on the grid are
defined and fixed, when the map is created and depends on
the purpose for which the SOM will be used and the
amount of input data. Sometimes the number of neurons
used is determined by a heuristic formula such as 5 VN or
N, where N is the number of training patterns (Vesanto
2000).

The SOM is defined in the training phase. During the
training, assumptions must be made about several
parameters of the map, such as learning parameters, map
topology and map size. These features influence the final
map; thus it is very important to choose these parameters
carefully in order to reach the appropriate map (Kohonen
2001). Once tested with different choices, it is possible to
use some measures to evaluate the quality of the map and
select the optimal one to represent the experimental data.
Several measures have been used to evaluate the quality of
a SOM. A widely used measurement is the quantization
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error. This error measures the average distance between (1), where N is the number of data-vectors, X; is the current
each data vector and its best matching unit (BMU). The vector patterns, m is the BMN of the corresponding Xi;
quantization error (Eq) is calculated as shown in equation  input vector.

Table 1. Agro-morphological characters used in characterization of WR eco-types cultivated rice varieties, and wild rice species in Sri

Lanka (PGRC Rice Catalog 1999).

Character Character Abbr. Description
no.
1 Seedling height (cm) Sdlh Recorded at the five-leaf stage
2 Leaf-blade length (cm) LBL Measured from topmost leaf below the flag leaf on the main culm at late
vegetative stage.
3 Leaf-blade width (mm) LBW Measured at the widest portion of the leaf blade
4 Leaf-blade pubescent LBP 1. Glabrous, 2. Intermediate, 3. Pubescent
5 Leaf-blade color LBC 1. Pale green, 2. Green, 3. Dark green, 4. Purple tips, 5. Purple margins, 6.
Purple blotch, 7. Purple
6 Basal leaf sheath color BLSC 1. Green, 2. Purple lines, 3. Light purple, 4. Purple
7 Leaf angle LeafA 1. Erect, 2. Intermediate, 3. Horizontal, 4. Descending
8 Flag leaf angle FleafA 1. Erect, 2. Intermediate, 3. Horizontal, 4. Descending
9 Ligule length (mm) LiguleL Measured at late vegetative stage
10 Ligule color LiguleC 0. Absent 1. White, 2. Purple lines, 3. Purple
11 Collar color CollorC 1. Pale green, 2. Green, 3. Purple
12 Auricle color AuricalC 0. Abscent 1. Pale green, 2. Purple
13 Days of heading DaysofH No. Of days from effective seeding to, 50% heading
14 Culm length (cm) CulmL From ground level to the base of the panicle
15 Culm number CulmNo Total no. of grain bearing and non-bearing tillers
16 Culm angle CulmA 1. Erect, 3. Intermediate, 5. Open, 7. Spreading, 9. Procumbent
17 Internode color After Full INCAF 1. Green, 2. Light gold, 3. Purple lines, 4. Purple
Heading
18 Culm strength Culms 1. Strong, 3. Moderately strong, 5. Intermediate, 7. Weak, 9. Very week
19 Panicle length (cm) PanicleL ~ From the base to the tip of the panicle
20 Panicle type PanicleT 1. Compact, 5. Intermediate, 9. Open
21 Secondary branching SecB 0. Abscent 1. Light, 2. Heavy, 3. Clustering
22 Panicle exsertion PanicleE 0. Well exsertion, 3. Moderately, 5. Justexterted, 7. Partlyexserted, 9. Enclosed
23 Awning after full heading AwnAFH 0. Absent 1. Short and partly awned, 5. Short and fully awned, 7. Long and
partly awned, 9. Long and fully awned
24 Apicus color ApiculC 1. White, 2. Straw, 3. Brown, 4. Red, 5. Red apex, 6. Purple, 7. Purple apex
25 Lemma and palea color LemmaPC 0. Straw, 2. Gold, 3. Brown spot on straw, 4. Brown, 5. Reddish to light purple,
6. Purple spots on straw, 7. Purple, 8. Black, 9. White
26 Lemma and palea LPP 1. Glabrous, 2. Hairs on lemma keel, 3. Hairs on upper portion, 4. Short hairs, 5.
pubescence Long hairs
27 Sterile lemmacolor SLC 1. Straw, 2. Gold, 3. Red, 4. Purple
28 Sterile lemma length SLL 1. Short, 3. Medium, 5. Long, 7. Extra-long, 9. Asymmetrical
29 100 grain weight Gw100 A random sample of 100 well-developed grains dried 13% moisture content
30 Seed coat color SeedCC 1. White, 2. Light brown, 3. Speckled brown, 4. Brown, 5. Red, 6. Variable
purple, 7. Purple
31 Ligule shape at late LiguleS 0. absent, 1. acute to acuminate, 2. 2-cleft, 3. truncate
vegetative stage
32 Leaf senescence Leaf S 1. Late and low senescence-, 2 or more leaves retain their green color at
maturity, 5. Intermediate, 9. Early and fast senescence- leaves are dead when the
grains have become fully ripened
33 Awn color at maturity AwnC 1. Straw, 2. Gold, 3. Brown, 4. Red, 5. Purple, 6. Black
34 Panicle threshability PanicleT 1. difficult, 5. intermediate, 9. easy
35 Panicle axis at maturity ~ PanicleA 1. Straight, 2. Droopy
36 Panicle shattering PanicleS 1. Very low, 3. Low, 5. Moderate, 7. Moderately high, 9. High

Table 2. Four labeled primers used for the Capillary electrophoresis.

Oligo name Oligo sequence (5°-3”) Color of the Label Primer
5’- FAM- M13 (-21) 5’(FAM) TGT AAA ACG ACG GCC AGT 3’ Blue
5’- NED- M13 (-21) 5’(NED) TGT AAA ACG ACG GCC AGT ¥’ Yellow
5’- PET- M13 (-21) 5’(PET) TGT AAA ACG ACG GCC AGT 3’ Red
5’- VIC- M13 (-21) 5’(VIC) TGT AAA ACG ACG GCC AGT 3° Green
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This error evaluates the fitting of the neural map to the
data. Thus, the optimal map is expected to yield the
smallest average quantization error. The smaller the
quantization error, the smaller the average of the distance
from the vector data to the prototypes, and that means, that
the data vectors are closer to their prototypes.

An alternative approach for measuring topology
preservation is to use input samples to determine how
continuous the mapping from the input space to the map
grid is. One of the most extended indices for this purpose is
the topographic error (Kiviluoto 1996). It is also one of the
errors proposed by Kohonen (Kohonen 2001). This error
measures the proportion of all data vectors for which first
and second best-matching units (BMU) are not adjacent
vectors. Therefore, the lower the topographic error (Et) is,
the better the SOM preserves the topology.

Et=1/NX¥, UXi) o)

The topographic error is calculated as shown above,
where the equation 2. U(xi) = 1, if the 1% BMN and 2"
BMN are not adjacent, otherwise U(xi) = 0. Separate
SOMs for each set of variable i. e., morphological and
molecular data were developed (SOMmor and SOMmol)
(Uriarte and Martin 2005). The best SOM was chosen
based on the error performance of quantization error (EQ)
and topographic error (Et).

RESULTS AND DISCUSSION

There was a variation of agro-morphological characters
(parametric only) across different WR eco-types in
different eco-climatic zones in Sri Lanka. Analysis of
variance of parametric variables used in construction of
SOM for the morphological characters interactions with
samples; climatic zones are shown in Table 3. According to
Table 3, two (panicle length and 100-grain weight) out of
eight parametric variables were not statistically significant
(p < 0. 05).

Similarly, %? test of non-parametric variables shown in
Table 4 indicated that two out of 28 variables such as leaf
blade pubescence and culm number were not different
across the rice populations. The summary of analysis of
variance of molecular data of rice populations is shown in
Table 5. According to the table, the markers RM11A1,
RM21A1, RM21A2, RM44A1 RM44A2 and RM280 A2
were significantly varied across the rice populations (Table
5).

Different rice populations resulted from SOM analysis
of morphological variables were grouped into labeled as
Weedy rice populations in the dry zone - D1W, D2W,
D3W, D4W and D5W; weedy rice populations in the
intermediate zone - I1W and 12W; and weedy rice
populations in the wet zone -WW1 and WW2. The group

of cultivated rice resulting in the SOMmor, were also
indicated by cultivated rice population in the dry zone —
DC1, DC2, DC3; and cultivated rice population in the
intermediate zone 11C and 12C; cultivated rice population
in the wet zone — WC (unpublished data).

The analysis of variance performed on quantitative
morphological data of SOM groups is shown in Table 6.
Except, 100-grain weight, the rest of the variables were
significantly between the weedy rice populations (p < 0.
05). Similarly, all the qualitative characters of rice
populations differed significantly between SOM groups of
WR eco-type across the different climatic zones, and
association between the climate zone and non-parametric
variables included in the study (data not shown).

The resulting SOM grouping patterns of WR eco-type
populations indicate that SOM can differentiate WR eco-
type populations in different climatic zones of the country.
The qualitative and quantitative variables were used to
develop two SOM models, SOMmor and SOMmol for
morphological and molecular data respectively. The error
performance, Et and Eq of best SOMmor developed in the
study were 0. 005 and 0. 580 respectively. The labels in
SOM matrices (Figure 2 ) show the “position” of the data
samples in the SOM plane. The component planes of agro-
morphological characters (qualitative and quantitative)
(Figures not shown) characters such as seedling height, leaf
blade width, leaf blade length, culm strength, panicle
shattering, seed coat color and leaf angle emerge as salient
characters which distinguish weedy rice populations in the
different climatic zones of the country.

The grouping pattern of WR eco-types in the label
matrix (Figure 2) revealed a grouping trend associated with
eco-climatic conditions of the country. Further, there was
an association of WR eco-types such as AKW2, APW2,
KIW2, ADW etc., which were closely related to O. nivara,
a wild rice species commonly found in the dry zone of the
country suggesting that O. nivara is potentially hybridized
with weedy rice eco-types.

The results obtained in SOMmol (Eq = 0. 005 and Et =
0. 331) derived from the molecular data (Tamayo et al.
1999) of the rice populations were indicated in Figure 3.
The comparison of component planes showed (Figures not
given), indicated four primer pairs that reflect considerable
variation among the populations of WR eco-types. Among
the primer pairs used in the study, RM 11 Al, RM 21 Al,
RM 21 A2, RM 14 Al and RM 280A2 showed capability
of identifying populations of WR eco-type along the
climatic gradient of the country. The grouping pattern of
rice populations produced by SOMmol is shown in Figure
3. (Label matrix). A total of three groups (dry, wet, and
intermediate rice populations) were represented in the label
matrix. WR eco-types in the dry zone were closely
associated with O. nivara and wet zone WR eco-types are
grouped with O. rufipogon reflecting their close
relationships. Application of SOM with molecular data
produced clear SOMmol groups than that of the SOMmor
developed from the agro-morphological characters.
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Table 3. The effect of parametric variables used in constructing SOMs.

Variable Source df Mean square F ratio Sig. (p)
SDLH Climate 2 1145. 604 24. 066 s
Samples 2 2682. 572 56. 354 S
Climate*Samples 3 158. 100 3.321 S
LBL Climate 2 248. 482 4,100 S
Samples 2 6552. 096 108. 112 S
Climate*Samples 3 939. 210 15. 497 S
LBW Climate 2 284. 242 28.939 s
Samples 2 13. 879 1.413 ns
Climate*Samples 3 40. 505 4.124 S
PanilcL Climate 2 1195. 631 52. 628 s
Samples 2 961. 600 42.327 s
Climate*Samples 3 29. 202 1. 285 ns
GW100 Climate 2 .324 . 352 ns
Samples 2 3.789 4.119 S
Climate*Samples 3 . 652 . 709 ns
LiguleL Climate 2 125. 505 5.232 S
Samples 2 155. 722 6. 491 S
Climate*Samples 3 301. 821 12.582 S
DaysofH Climate 2 2501. 815 53. 313 s
Samples 2 1317. 238 28.070 S
Climate*Samples 3 1387. 490 29. 567 S
CulmL Climate 2 2342. 816 47. 842 S
Samples 2 1285. 035 26. 241 S
Climate*Samples 3 539. 453 11. 016 S

Note: s: significant at p < 0. 05, ns: not significant p > 0. 05
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Figure 2. U matrix and the label matrix of the SOM developed from the agro-morphological characters.
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Figure 3. U matrix and label matrix of SOM developed for molecular data.

Table 4. The effect of climatic zone on qualitative morphological
features of rice populations (CLIM).

Variable ¥ value Df  Probability
BLSC*CLIM 43. 849 6 S
INCAF * CLIM 114. 251 6 S
LBC * CLIM 180.398 10 S
LBP * CLIM 8.175 4 ns
PanicleA * CLIM 22.790 4 S
PanicleE * CLIM 65. 701 8 S
PanicleT * CLIM 50. 088 4 S
SecB * CLIM 26. 097 6 S
PanicleS * CLIM 119.253 12 S
PanicleT * CLIM 143.788 14 S
AWNnAFH * CLIM 132. 786 8 S
AwnC * CLIM 124.642 10 S
ApiculC * CLIM 52. 431 4 S
SeedCC * CLIM 17.102 6 S
Leaf S* CLIM 191. 292 8 S
LemmaPC * CLIM 82.196 14 S
LPP * CLIM 47. 384 4 S
SLC * CLIM 197. 225 4 S
SLL * CLIM 126. 854 4 S
LeafA* CLIM 32.154 6 S
FLeafA * CLIM 232.013 10 S
LiguleC * CLIM 36.778 2 S
LiguleS * CLIM 32. 467 4 S
CollorC * CLIM 88. 948 4 S
AuricalC * CLIM 45, 764 2 S
CulmNo * CLIM 19.738 16 ns
CulmA * CLIM 141.045 10 S

Note: s: significant at p < 0. 05, ns: not significant p > 0. 05

The application of SOM analysis in grouping WR eco-
types, with respect to eco-climatic zones of Sri Lanka, was
carried out using agro-morphological and molecular data.
The relationships among the agro-morphological characters
(36 characters) and molecular data (derived from 10 primer
pairs) were examined and generated hypotheses and tested.
The SOM is supportive of other statistical analyses such a
Principle Component Analyses, Cluster by complementing
ability to examine the relationships between different types
of variables in a visual presentation of the data(Mele and
Crowley 2008). Visualization of the component planes
derived from the SOM (SOMmor and SOMmol) indicates
that there are patterns within the sets of variables. The
SOMmor model developed indicated that seedling height,
leaf blade width, leaf blade length, culm strength, panicle
shattering, seed coat color, and leaf angle play an important
role in grouping WR eco-type populations in Sri Lanka
(Figure 3).

Meanwhile, the molecular banding patterns of primers
such as RM 11 Al, RM 21 A1, RM 21 A2, RM 14 A1, and
RM 280A2 revealed that they are important in grouping
different populations of WR eco-types in Sri Lanka
(Figures not given).
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Table 5. The effect of variance of molecular data .

Marker Sum of squares df Mean square F ratio Sig.
RM11 Al 16828. 725 2 8414. 363 3.715 S
RM11 A2 593. 789 2 296. 895 0. 505 ns
RM21 Al 38527. 956 2 19263. 978 7.727 S
RM21 A2 36618. 273 2 18309. 136 8. 884 S
RM14 Al 4731. 476 2 2365. 738 1. 054 ns
RM14 A2 7185. 571 2 3592. 786 2.06 ns
RM44 Al 9823. 883 2 4911. 942 9.322 S
RM44 A2 15850. 684 2 7925. 342 29.516 S
RM84 Al 0. 265 2 0.132 0. 002 ns
RM84 A2 30. 333 2 15. 167 0. 389 ns
RM167 Al 3576. 074 2 1788. 037 0. 926 ns
RM167 A2 3620. 583 2 1810. 292 0.918 ns
RM205 Al 67. 681 2 33.841 2. 417 ns
RM205 A2 46.718 2 23. 359 1. 967 ns
RM211 Al 4943. 52 2 2471.76 0. 457 ns
RM211 A2 5749. 015 2 2874. 507 0. 525 ns
RM280 Al 4666. 254 2 2333. 127 0. 535 ns
RM280 A2 4090. 331 2 2045. 165 0. 555 s
RM332 Al 148. 989 2 74. 495 0.18 ns
RM332 A2 103. 283 2 51. 641 0. 009 ns
Note: s= significant at p < 0. 05, and ns = not significant p > 0. 05

Table 6. The effect of variance among the group of cultivated,
wild rice species and weedy rice eco-types in Sri Lanka.

Variable df Mean square F ratio Sig.
Sdih 15 933. 967 22.146 S
LBL 15 1259. 932 27.36 S
LBW 15 128. 407 15. 866 S
Gw100 15 1. 167 1.119 ns
LiguleL 15 245, 899 11. 869 S
DaysofH 15 800. 506 20. 592 S
CulmL 15 1177.008 40. 666 S

Note: s: significant at p < 0. 05, ns: not significant p > 0. 05)

The result of this preliminary study revealed that
unsupervised artificial neural networks such as SOM are
important tools in solving complicated biological problems
associated with classification WR ecotypes with
multivariate set of data. Further, results of the study led to
hypothesis that the patterns reflected in the distribution of
WR population are related to the varying climatic condition
of the country. It appears that each WR eco-type
represented each eco-climatic zone, especially closely
associated with respective wild rice species. Further, WR
eco-types of the dry and intermediate zones are closely
related to O. nivara, commonly found in the country's dry
zone. This observation suggests that the O. nivara
possesses a higher potential of hybridization, with
cultivated rice varieties and weedy rice eco-types in the dry
and intermediate zones of Sri Lanka which is supported by
the findings of Chen (Chen et al. 2004).

In conclusion, the finding of the study led to conclude
that SOM is an important tool in tracing the patterns of
variation of agro-morphological characters and molecular
characters of WR eco-types with respect to the eco-climatic
zones of the country. SOM can visualize the patterns of
WR eco-type population distribution across different
climatic conditions in a low-dimensional space. The
characters such as seedling height, leaf blade width, leaf
blade length, culm strength, panicle shattering, seed coat
color, and leaf angle are the salient agro-morphological
characters in identification of WR eco-type distributed in
different eco-climatic zones of Sri Lanka. The primers such
as RM 11, RM 21, RM 14, and RM 280 are of importance
in delimitation of different WR populations in varying
climatic conditions. The dimension reduction of input
variables before presenting variables to SOM conserves the
cost, labor, and computer processing time. The finding
supports the idea capability of SOM in delimitation of WR
populations through unsupervised artificial neural networks
with limited multiple input variables. The findings of SOM
analysis of the study's morphological data in the long run
help develop intelligence systems to control weedy rice
using areal targeting such as drones.
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