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a b s t r a c t

The use of advanced modelling methods in ecology expands as ecological data accumulates

and increases in complexity. Artificial neural networks (ANN), and in particular, the self-

organising map (SOM), has become very popular for analysing particular kinds of ecological

datasets. As SOM have become more utilised, it has become increasingly clear that the

results of SOM models must be interpreted carefully.

SOM have been used in a number of ecological studies to investigate the spatial dis-

tribution of species. When using presence–absence data of species distributions at given

locations, the input vectors to a SOM are binary and the connection weights after learning

are between 0 and 1. Using fuzzy set theory, we present an approach to the interpretation of

these weights. Taking an example from invasive species research, we show that in the case

of presence/absence data, a connection weight can be interpreted as a risk that an event

will occur at a given location.

A SOM was used to model the worldwide distribution insect pests to determine geographic

patterns and define the species assemblages. The SOM weights were used as a measure of

the risk of invasion for each species such that its potential to invade a geographic area could

be evaluated.

This paper shows that while there are limitations concerning the interpretation of a model
parameter, it is still possible to obtain relevant information when such limits are recognised.

We emphasise however, that the interpretation of SOM weights must be appropriate to the

rest.

(Ricker, 1975); multiple linear regression (Binns and Eiserman,
particular study of inte

1. Introduction
As the amount and complexity of ecological data increases,
powerful modelling methods are required for their analysis.
Examples of classical statistical methods that have been used
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for many years to analyse ecological data are: linear regression
Technologies, Ecology and Entomology Group, Lincoln University,
3 325 3864.

1979; Faussh et al., 1988); polar ordination (Whittaker et al.,
1979); canonical correspondence analysis (ter Braak, 1987);
principal component analysis (Grossman et al., 1991); multiple
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dimensional scaling (Guilherme and Cintra, 2001). However,
new methods that are better adapted to complex data, are
now available and are increasingly being applied in ecologi-
cal research. They are genetic algorithms (Chaves et al., 2003),
classification and regression trees (Gregor et al., 2002), arti-
ficial neural networks (ANN) (Brosse et al., 1999; Maier and
Dandy, 2000; Michaelides et al., 2001; Cereghino et al., 2001),
fuzzy neural networks and evolving connectionist systems
(Kasabov, 1996, 2002).

The unsupervised ANN algorithm called the self-
organising map (SOM) (Kohonen, 1982, 2001) is a method
well adapted to complex ecological data analysis. This
method is widely used in a variety of disciplines for vector
quantisation and for classification. Some examples of the
application of SOM in ecology are: to determine the relation-
ship between complex ecological communities (Chon et al.,
1996); to model microsatellite data (Giraudel et al., 2000); to
study fish assemblages (Brosse et al., 2001); to detect pattern
in aquatic macroinvertebrate diversity (Cereghino et al., 2003);
to define conservation strategies for threatened endemic fish
species (Park et al., 2003b).

The SOM algorithm is a method used to project high dimen-
sional data vectors onto a lower dimensional space preserv-
ing the similarity and the difference between the data vec-
tors. To assist visualisation of patterns and relationships in
high dimensional data, the SOM is often used to project the
dataset in a non-linear way onto a topological rectangular grid
arranged as a hexagonal lattice that is called a map. In addition
to this visualisation there is also an underlying SOM model
whose outputs can be displayed in several different ways to
reveal different types of information.

While the classical result from a SOM is a map (where the
objects to be classified are mapped into map nodes), the inter-
nal parameters of the SOM that describe the relationship of
each descriptor variable to the object to which it belongs, pro-
vide important ecological information. The internal parame-
ters or the connection weights are the main features of the
network and result from the SOM training on a data set. How-
ever, the meaning of the connection weights is not always
clear and therefore their interpretation must be carefully con-
sidered. A particular case is their interpretation when the
input vectors representing the presence/absence of species at
locations are binary. We illustrate how SOM weights can be
interpreted to give useful information in an ecological setting
using an example from invasive species research. The partic-
ular example concerns global insect pest invasions and the
potential of certain species to invade New Zealand (Worner et
al., 2004).

2. Self-organising maps as models of risk
of species establishment

Much research in pest risk assessment involves the assess-
ment of the potential for establishment of invasive species and
centres around using the existing geographic distribution of a

particular species to determine its potential for establishment
in areas where it is not normally found. A SOM is used here to
detect pattern in global pest species assemblages associated
with geographic areas. The input data to the SOM consisted of
1 9 7 ( 2 0 0 6 ) 361–372

binary data indicating the presence and absence of an invasive
species at certain geographic locations.

2.1. The SOM algorithm

Self-organising maps belong to the unsupervised artificial
neural network modelling methods (Kohonen, 1982). The
model typically projects a high dimensional dataset on to a
lower dimensional space. The SOM network consists of two
layers: the input and the output layers. The dataset presented
to the network is comprised of samples characterised by p
descriptors—variables. Each sample is represented by a vector
that includes all p descriptors and there are as many sample
vectors as samples.

The input layer is comprised of p nodes (neurons). The out-
put layer forms a d-dimensional map, where d < p. In this study,
the map is in the form of a rectangular 2D grid with l by m neu-
rons laid out on a hexagonal lattice (C = l × m neurons in the
output layer). Each neuron cj of the output layer, also called
a cell, is linked to the neurons i = 1, 2, . . ., p of the input layer
by connections that have weights wij associated with them,
forming a vector wij. These weights represent the virtual val-
ues for each descriptor in each output neuron such that each
output neuron or cell of the output layer cj stores a virtual vec-
tor of connection weights wij. These virtual vectors represent
the co-ordinates of centres of groups of similar input vectors,
where similarity is measured in terms of Euclidean distance:

D(x, wj) =

⎡
⎣ ∑

i=1,...,p

(xi − wij)
2

⎤
⎦

1/2

,

for all neurons (cells) cj and with x a sample vector (1)

The aim of the SOM algorithm is to organise the distri-
bution of sample vectors in a d-dimensional space (in our
case, two-dimensional) using their relationship to the virtual
vector distribution thus preserving the similarity and the dif-
ference between the input vectors. Similar input vectors are
allocated to the same virtual vector and the virtual vector
changes with the addition of new input vectors to it. The vir-
tual vectors that are neighbours on the map (neighbouring
neurons) are expected to represent neighbouring groups (clus-
ters) of sample vectors; consequently, sample vectors that are
dissimilar are expected to be distant from each other on the
map.

Two different learning algorithms could be used in a SOM:
sequential or batch. The first one is an incremental algorithm
that is commonly used but learning is highly dependent on
the order of input. The batch algorithm overcomes this draw-
back. Furthermore, the batch algorithm is significantly faster
(Kohonen and Somervuo, 1998) and was chosen for this study.
The process involves presenting the whole sample vectors as
input to the SOM at once. Using a distance measure, the sam-
ple vectors are compared to the virtual vectors that have been
randomly assigned to the output neurons at the beginning of

the algorithm (Fig. 1). Each sample vector is assigned to the
nearest virtual vector according to the distance results and
the virtual vectors are modified to the mean of the sample
vectors that are assigned to it. Details about the algorithm can
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Fig. 1 – Self-organising map architecture. The input layer is linked to the cells of the output layer by connections called
weights which defined the virtual assemblages of the species. The sample vector composed of as much element as
d ach
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escriptors is compared to the virtual vectors associated to e

e found in Kohonen (1995, 2001) and Kohonen and Somervuo
1998).

A the end of the training, an output neuron has been deter-
ined for each sample vector such that each sample is then

ssigned to a neuron or cell of the map, and the virtual values
f the descriptors are known for each neuron of the map.

.2. SOM output

.2.1. Sample distribution
direct result of the SOM algorithm is a distribution of the

amples on the SOM topological map. According to the prop-
rties of the algorithm, the samples that are in the same cell
re very similar, and similar to those in neighbouring cells.
hey are less similar to samples that are in distant cells. Each
ell unit is at this stage, a cluster and the SOM training proce-
ure constitutes a clustering method, clustering the samples

n cells and similar cells together.
The approximate number of cells in the output layer can

e defined using the formula C = 5
√

n (http://www.cis.hut.fi/
rojects/soomtoolbox/documentation/somalg.shtml, 2000)
here C is the number of cells and n is the number of training

amples (sample vectors).

.2.2. Clustering information
espite that a SOM clusters samples onto the cells of the

ap, it is of interest to define larger clusters by regrouping

he neighbouring cells that contain similar samples. The def-
nition of larger clusters can be achieved using several meth-
ds. A method well-known to experienced SOM users is the
neuron of the output using a distance measure.

unified-matrix (U-matrix) approach (Ultsch and Siemon, 1990).
The U-matrix displays the distances between the virtual sites
and provides a landscape formed by light plains separated by
dark ravines.

A second method is a classical clustering analysis of SOM
output using any of the classical distance measures and link-
ages, or the k-means method (Park et al., 2003a,b). These
methods are applied to the results of the SOM model, or more
precisely on the virtual vector for each neuron of the output
layer.

2.2.3. Visualisation of input variables
To analyse the contribution of input variables to cluster struc-
tures of the trained SOM, each input variable and the con-
nection weight of its associated descriptor calculated for each
virtual vector during the training process, can be visualised in
grey scale on the SOM map.

Remembering that each cell of the map is represented by a
virtual vector, and also that each virtual vector is composed of
as many weight values as descriptors, it is possible to visualise
each descriptor’s weight values associated with each neuron
or cell of the trained SOM map. A map can be visualised sep-
arately for each descriptor.

2.2.4. Relationship between multiple descriptors
It may be important to investigate the relationship between

sets of descriptors (input variables) and try to find meaningful
patterns of their values in combination. For example, it
might be important to investigate the relationship between
biological and environmental variables across the samples.

http://www.cis.hut.fi/projects/soomtoolbox/documentation/somalg.shtml
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A second set of descriptors for each sample can be intro-
duced into the SOM and trained along with the first set of
descriptors. Initially, each descriptor set is submitted to the
trained SOM, and then, the mean value of each descriptor
in the descriptor sets in each output of the trained SOM is
calculated. If a neuron was not occupied by input vectors,
the value is replaced with the mean value of neighbouring
neurons. These mean values assigned on the SOM map can
once again be visualised in grey scale and then compared
with the map of the samples as well as other descriptor
maps.

2.2.5. The connection weights
As described previously, the two layers of the SOM network
are linked by connections that are called weights. The set of
weight values for each output neuron comprises a virtual vec-
tor for that neuron. These weights represent the co-ordinates
of each output neuron in a multidimensional space with as
many dimensions as descriptors. The values of the weights
taken independently for each descriptor in all the output neu-
rons can be used to obtain the map discussed below. But in
case of binary data, because the observed or real values are
0 or 1, the virtual values are constrained between 0 and 1. It
should be immediately obvious that these values can be used
as some sort of measurement, evaluation, gradient, or as an
index depending on the content of the data set and the mean-
ing of the descriptors. One interpretation theory is given in the
next section.

2.3. The fuzzy set theory

In the classical approach of the set theory, if a subset A of a
set E is considered, the characteristic function is �A. �A is a
two-valued function taking its values in {0, 1} and defined as
follows:

if x ∈ A, �A(x) = 1, if x /∈ A, �A(x) = 0

But in some cases, the membership of an element to a given
subset is imprecise. Zadeh (1965) proposed fuzzy set theory
to explicitly account for this. In this case, the characteristic
function is replaced by the membership function fA where fA

is a real-valued function taking its values in [0; 1]. Now the
function fA(x) gives an indication of the degree of truthfulness
for x to be member to the fuzzy subset A.

2.4. Evaluation of risk of species establishment using
SOM weights

In our model, each input vector x (sample) represents a geo-
graphical location (site) and each descriptor (input variable)
xi in it represents the presence (1) or absence (0) of a par-
ticular species at this site. In this way, a geographical site
is represented by its vector of species and sites are com-
pared for their similarity based on the occurrence of these
species. The more similar the assemblage of species that are
present (or not present) at two locations x and y, the more

similar these locations are considered to be (see formula (1))
as it is assumed that they share similar conditions for them
to establish viable populations at these locations (or not to
establish).
1 9 7 ( 2 0 0 6 ) 361–372

When a SOM model is trained on such data, a virtual vec-
tor cj will represent a center of many similar sites (similarity
is measured across all variables (species)), that is also repre-
sented as a node with its location in the output topological
SOM map (e.g. 2D).

A virtual vector cj is represented in the p-dimensional space
by its weight vector wj as a geometrical center of similar vec-
tors (sites) and each co-ordinate wij is a representation of the
similarity of all vectors xj1, xj2, . . ., xjk allocated to the node cj in
respect only to the variable xi. A value wj represents an index of
the risk for the species xi to occur at a site vector mapped into
the cell cj based on the overall similarity of all sites (mapped
at this cell). The value wij is not based on the number of sites
that have the species xi present, among all sites mapped into
cj (this would be a probability measure based on a single vari-
able). Generally speaking, probability is a ratio expressing the
chances that a certain event will occur. The simple mathe-
matical definition would be that the probability of an event
is a numerical measure of the likelihood or degree of pre-
dictability that the event will occur (Glover and Mitchell, 2002).
The mathematical formulation is: the total number of occur-
rences of a selection/event a, divided by the total number of
occurrences (a) plus the number of failures of those occur-
rences b (i.e. total possible outcomes). This leads to the basic
formula:

p = a

a + b
(2)

If we cluster all samples from a data set into clusters (using
some statistical clustering methods, e.g. k-means, Fuzzy C-
means clustering, etc.) and for each cluster Cj, that has a
statistically sufficient number of samples in it, we count the
number of the samples with a particular event xi present (1)
and not present (0) respectively as aj and bj, then we can calcu-
late the probability of an event xi to occur (within the samples
of this cluster only) as

pi = ai

ai + bi
(3)

But the SOM procedure does not do this exactly. It maps
samples into a (2D) map of N neurons (cells) and allocates sim-
ilar samples to the same neuron depending on the number N.
The connection weights represent the respective co-ordinates
of the neurons in the input space and have the meaning of geo-
metrical centres. Generally speaking, the values of the input
variables in a SOM model can be 0 (event not present) and
1 (event present), but they can also be any number of dis-
crete values (e.g. 0–4, representing, for example, not present
for sure, not likely to be present, may be present, likely to be
present, present for sure). So wij is not a probability but a mea-
sure of the truthfulness of the statement: “the species xi is
present”. If Ai is the fuzzy set of the sites that have the species
xi present, wij can be seen as the value of the membership
function fA.

If a new vector x (representing a site) is mapped into a

trained SOM and x maps into a node cj then the connec-
tion weight wij can be seen as fA(x) and this connection
weight would indicate a risk for an event xi to occur at the
site.
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applied to the SOM results are shown in Fig. 3a. The optimum
cluster number was six (Worner et al., 2004) (Ia, Ib1, Ib2, IIa,
IIb1 and IIb2; Fig. 3b) as determined by the DBI which for this
cluster number was 0.981.
e c o l o g i c a l m o d e l l i n

. Case study: the risk of insect pest
nvasion in New Zealand

.1. The data

he data used in this analysis were extracted from the
rop Protection Compendium (Global Module, 5th ed.©, CAB

nternational, Wallingford, UK, 2003). This science-based tool
ncompasses a wide range of different types of information on
ll aspects of crop protection (e.g. pests, diseases, weeds, nat-
ral enemies, crops) associated with all countries in the world.
he geographic areas represented in the compendium consist
f countries, regions or states of countries distributed world-
ide. All continents are represented. The full compendium

ncludes many species for which only partial information is
vailable. In order to ensure that we include species with
dequate distribution information, we decided to select only
pecies which occur in more than 2% of sample units (Waite,
000). A total of 844 mainly phytophagous insect pests for 459
eographic areas were used in our analysis. Representing the
resence (1) and the absence (0) of each species at each site,
esulted in a database comprised of a [844 species × 459 sites]

atrix.
.2. The model

he 459 sample sites were used to train a SOM model and were
onsequently mapped into the SOM 2D map. The input vari-

ig. 2 – [12 × 9] Self-organising map (108 cells). The number
nside each cell corresponds to the number of the output
euron and can be linked to the Appendix A to define
hich geographic area has been plotted in each cell.
7 ( 2 0 0 6 ) 361–372 365

ables were the establishment (presence and absence) of 844
pest species. The input layer was therefore composed of 844
neurons. The output layer consisted of 108 neurons organised
in an array with 12 rows and 9 columns.

The Euclidean distance was the distance measurement
method that provided the most accurate data representation
on the map. A cluster analysis to detect cluster boundaries
on the trained map also used the Euclidean distance measure
and the Ward linkage method. The Davies–Bouldin Index (DBI)
(Davies and Bouldin, 1979) was calculated to identify the opti-
mum number of clusters.

4. Results and discussion

The non-linear projection of presence-absence data on to two-
dimensional space allowed us to classify the geographic areas
according to the similarity of their pest species assemblages
(Fig. 2 and Appendix A). The results of the clustering method
Fig. 3 – (a) Dendrogram of the cluster analysis; (b)
self-organising map with the six clusters defined by the
cluster analysis: Ia, Ib1, Ib2, IIa, IIb1 and Iib2 (see text).
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The cluster Ia represents geographic areas that have low

pest occurrence values or at least have low numbers of pests
recorded in the database. In fact these countries can be con-
sidered outliers. Around 85% of those geographic areas have
only 2% of the species present. These geographic areas are

Table 1 – List of the pest species out of a potential 844 which ha
based on the SOM analysis
1 9 7 ( 2 0 0 6 ) 361–372

mainly small islands, desert areas or colder areas of Green-

land, Alaska and parts of Russia. The United States and most
of the Canadian regions comprise cluster Ib1. Cluster Ib2
includes New Zealand as well as several regions of Australia
(South Australia, Tasmania, Victoria, Western Australia), and

ve the highest potential risk of invasion in New Zealand
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Table 1 – (Continued )

For each species the risk and their presence or absence in New Zealand is noted. Those species not already established have been highlighted.
aP. citri (Risso) is problematic as it is considered by New Zealanders as not present yet it is recorded in the compendium as present. This species
was considered established in the 1970s but has not been recorded since. That however does not rule out the presence of relict populations.
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ente
Fig. 4 – World map showing the 459 geographic areas repres
cluster they belong to.

also a large part of Europe. Chile, and some Mediterranean
countries as Sardinia, Sicily, Cyprus, Algeria, Lebanon, Libya,
Morocco, Tunisia are also included. The cluster IIa is again a
specific cluster that repeats the more detailed regional infor-
mation over larger geographic areas, for example the whole
of the United States or Australia. This cluster is an arte-
fact of database construction and can be ignored because
it represents a summation of the same information at the

regional level, the latter being of more interest. Cluster IIb1
included countries of South and Central America. Cluster
IIb2 is composed of a large number of African and Asian
countries.

Fig. 5 – Distribution of C. capitata (Weidemann), the Mediterrane
(b). (c) The real distribution (presence and absence) of the species
d by different greyscale and patterns according to the

Then, these clusters were plotted on a geographic map of
the world using GIS and different patterns and greyscale to
better visualise the clusters (Fig. 4).

The connection weights for each species associated with
each cell of the map can be interpreted as an index of the
importance of that species to the species assemblages in each
cell and therefore is an index of the risk that the species may
establish a geographic area if it has the opportunity. For exam-

ple, in the case of New Zealand, the species that have the
highest risk index are global pest species that are considered
to have a high potential to establish in that country and indeed
have already done so (Table 1) (Worner et al., 2004). But of

en Fruit Fly risk on the SOM map (a) and on the world map
in the world.
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ost interest are the species that have a high risk of estab-
ishment but are not currently present in New Zealand. They
re therefore species to which special attention should be
iven.

For example, the Mediterraneen Fruit Fly, Ceratitis capi-
ata (Weidemann), is not present in New Zealand, yet, the
OM model predicts the risk of establishment is high (0.73).
his species is an interesting example where it has often
een intercepted by monitoring traps near major airports In
ew Zealand. Authorities considered C. capitata established in
996 however it was quickly eradicated. Moreover, other mod-
lling attempts have indicated the high risk of establishment
f this species in New Zealand (Worner, 1988; Baker, 1996)
dding weight to the present study. Furthermore, C. capitata
s established in: South Australia, Rio Grande do Sul, Switzer-
and, Cyprus, Algeria, Egypt, Spain, Canary Islands, Ethiopia,
rance, Corsica, Greece, Israel, Italy, Sicily, Sardinia, Jordan,
ebanon, Libya, Morocco, Malta, Portugal, Azores, Madeira,
ussian Federation, Saudi Arabia, Syria, Tunisia, Turkey,
ruguay, Yemen, Yugoslavia, South Africa. All these coun-

ries are mapped into the same node (cell) of the SOM map as
ew Zealand.

The distribution of each of the 844 species (one map per
pecies) can be visualised on the SOM map and the SOM allows
risk map for each species to be evaluated. The map for C.

apitata is shown in Fig. 5a along with a geographic represen-
ation of global risk using GIS (Fig. 5b). The current distribution
presence and absence) of C. Capitata is shown in Fig. 5c.

While in the case of binary data, a SOM connection weight
annot be used as probability, the weights are values of the
embership function for a fuzzy set. The method proposed

ere is applicable when both binary and non-binary values
re available in the data to represent the occurrence of an
vent, that includes unknown values represented as 0.5 fuzzy
embership degree, or other degrees suggested by experts.

his study is a good example of a possible broader inter-
retation of SOM weights. Using them as an index of risk is
specially relevant in biosecurity research where it is diffi-
ult to determine which new species are likely to invade a
ountry. Previous studies have highlighted the threat of some
pecies invasions using climate similarities, but climate is
ot the only explanation of species establishment. Similari-
ies with the original habitat other than its climate can also
e reasons of potential invasions (Worner, 2002). For exam-
le, similar pathways of arrival, host plants and the char-
cteristics of invaded areas such as high disturbance and
bsence of specific diseases and natural enemies may help
xplain the similarity of species assemblages in particular
reas.

It is clear that the interpretation of SOM weights would
eed to be adapted according to the particular ecological study
f interest. For example the weights could be used to evaluate
pollution gradient or be used as a measure of the impact or

isk of predation.
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Appendix A

Cell Geographic area name Cluster

1 Alabama, Connecticut,
Georgia, Illinois, Indiana,
Louisiana, Massachusetts,
Maryland, Michigan, Missouri,
Mississippi, North Carolina,
New Jersey, New York, Ohio,
Pennsylvania, South Carolina,
Tennessee, Texas, Virginia

Ib1

3 British Columbia, Nova Scotia,
Ontario, Quebec, California,
Oregon, Washington

Ibl

4 Norway Ib2
5 Austria, Belgium, Bulgaria,

Switzerland, Germany,
Denmark, Finland, United
Kingdom, Hungary, The
Netherlands, Poland,
Romania, Sweden

Ib2

6 France Ib2
7 Spain, Greece, Italy, Portugal,

Turkey
Ib2

8 Cyprus, Algeria, Lebanon,
Syria, Tunisia

Ib2

9 Egypt, Israel, Iran, Morocco Ib2
11 Mexico, Florida IIa
12 Honshu, Republic of Korea IIa
13 Arkansas, Delaware, Iowa,

Kansas, Kentucky, Oklahoma,
Wisconsin, West Virginia

Ib1

14 Arizona, Colorado, Idaho, New
Mexico, Utah

Ib1

16 Czech Republic, Ireland Ib2
17 Ukraine Ib2
18 Corsica Ib2
19 Malta Ib2
20 Canary Islands, Jordan Ib2
21 Iraq, Libya Ib2
23 Hawaii IIa
24 Taiwan IIa
25 Manitoba, New Brunswick,

Maine, Minnesota, Montana,
Ib1
North Dakota, Nebraska, New
Hampshire, Nevada, Rhode
Island, South Dakota,
Wyoming

http://www.cis.hut.fi/projects/somtoolbox
http://bioprotection.lincoln.ac.nz/
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Appendix A (Continued )

Cell Geographic area name Cluster

28 Armenia, Azerbaijan, Russian
Far East

Ia

29 Georgia (Republic), Yugoslavia Ib2
30 South Australia, Tasmania,

Victoria, Sicily, Sardinia,
Azores

Ib2

31 New Zealand, Madeira Ib2
32 Chile Ib2
33 Saudi Arabia, Yemen Ib2
34 New South Wales, Ethiopia,

South Africa
Ib2

35 Queensland IIa
36 Java, Papua New Guinea,

Philippines, Thailand,
Vietnam

IIa

37 Alberta, New foundland,
Prince Edward Island,
Saskatchewan, Vermont

Ib1

38 Lithuania, Latvia Ia
39 Albania, Kazakhstan,

Moldova, Central Russia,
Slovakia, Uzbekistan

Ia

40 Hokkaido Ia
41 Afghanistan Ia
42 Western Australia, Saint

Helena
IIb1

43 Rio Grande do Sul, Uruguay Ib2
44 Argentina, Bermuda, Sao

Paulo, Colombia, Ecuador, Peru
IIb1

46 Kenya, Mauritius, Zimbabwe IIb2
48 Bangladesh, Hong Kong, Sri

Lanka, Myanmar, Pakistan
IIa

49 Estonia, Siberia Ia
50 Belarus, Balearic Islands,

Luxembourg, Macedonia,
Slovenia

Ia

51 Croatia, Kyrgyzstan, Southern
Russia, Tajikistan,
Turkmenistan

Ia

52 Hebei, Heilongjiang, Jilin,
Liaoning, Jammu and Kashmir

Ia

53 Shandong, Himachal Pradesh,
Kyushu, Shikoku, Korea-DPR

Ia

54 Santa Catarina IIb1
55 Bolivia, Minas Gerais, Parana IIb1
56 Costa Rica, Cuba, Dominican

Republic, Guatemala,
Honduras, Jamaica, Panama,
Puerto

IIb1
58 Madagascar, Malawi, Nigeria,
Reunion, Tanzania, Uganda

IIb2

60 Assam, Karnataka,
Maharashtra, Tamil Nadu,
Uttar Pradesh, West Bengal

IIb2
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Cell Geographic area name Cluster

61 Bosnia and Herzegovina,
Channel Islands, Mongolia,
Western Siberia, Alaska

Ia

63 Nei Menggu, Xinjiang Ia
64 Anhui, Henan, Jiangxi, Shanxi,

Shaanxi, Xizhang
Ia

65 Hubei, Hunan, Jiangsu,
Sichuan, Zhejiang

Ia

66 Para IIb1
67 Bahia, Rio de Janeiro,

Nicaragua, Paraguay, El
Salvador

IIb1

68 Barbados, Guyana, Haiti,
Suriname, Trinidad and
Tobago

IIb1

70 Angola, Cameroon, Ghana,
Mozambique, Sudan, Sierra
Leone, Senegal, Zambia,
Congo Democratic Republic

IIb2

72 Andhra Pradesh, Bihar,
Madhya Pradesh, Orissa,
Indian Punjab, Nepal

IIb2

73 Andorra, Northwest
Territories, Yukon Territory,
Faroe Islands, Gibraltar,
Iceland, Liechtenstein,
Monaco, Eastem Siberia,
Northern Russia

Ia

74 Qinghai, Western Sahara,
Chandigarh, Damman, Dadra
and Nagar Haveli, Diu,
Mizoram, San Marino

Ia

75 Gansu, Ningxia Ia
76 Moluccas Ia
77 Guizhou, Meghalaya Ia
78 Amazonas, Ceara, Espirito

Santo, Goias, Pernambuco,
Belize, Cayman Islands

IIb1

79 Bahamas, French Guiana,
United States Virgin Islands

IIb1

80 Antigua and Barbuda,
Dominica, Grenada,
Guadeloupe, Saint Kitts and
Nevis, Saint Lucia, Martinique,
Montserrat, Saint Vincent and
the Grenadines

82 Burkina Faso, Burundi, Benin,
Congo, Côte d’Ivoire, Guinea,
Mali, Niger, Rwanda, Somalia,

IIb2
Togo
84 Delhi, Gujarat, Haryana,

Rajasthan
IIb2

85 Greenland, Russia (Asia),
Serbia

Ia
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ell Geographic area name Cluster

86 Qatar Ia
87 Bahrain, Djibouti, Arunachal

Pradesh, Goa, Lakshadweep,
Nagaland, Kuwait

Ia

88 Botswana, Equatorial Guinea,
Crete, Lesotho, Namibia

Ia

89 The Netherlands Antilles,
Manipur, Swaziland

Ia

91 British Virgin Islands IIb1
96 Australian Northern Territory,

Guangdong, Fiji, Kerala
IIb2

97 Lord Howe Is., Bonaire, Acre,
Amapa, Fernando de Noronha,
Rondonia, Roraima, Beijing,
Shanghai, Falkland Islands,
Northern Ireland, Line Islands,
Kanton and Enderbury,
Kermadec Islands, Marquesas,
Bismarck Archipelago,
Bougainville, Saint Pierre and
Miquelon, Severo-Osetinskaya
Respublika, Turks and Caicos
Islands, East Timor,
Krymskaya Oblast, US Minor
Outlying Islands, Midway
Islands, District of Columbia,
Socotra, Mayotte

Ia

98 Anguilla, Aruba, Alagoas,
Piaui, Sergipe, Macau,
Curacao, Galapagos Islands,
Nauru, Aldabra, Wake

Ia

99 Island Matto Grosso do Sul,
Matto Grosso, Rodriguez
Island, Pitcairn Islands,
Ascension, Tokelau, Johnston

Ia

00 United Arab Emirates,
Maranhao, Paraiba, Rio Grande
do Norte, Cocos Islands, Easter
Island, Christmas Island
(Indian Ocean),
Guinea-Bissau, British Indian
Ocean Territory, Mauritania

Ia

01 Eritrea, Tripura, Norfolk
Island, Oman

Ia

02 Central African Republic,
Gabon, Gambia, Comoros,
Liberia, Maldives, Chad,
Tuvalu

Ia

03 Sao Tome and Principe, Wallis IIb1

and Futuna

04 American Samoa, Cook
Islands, Cape Verde, Kiribati,
Marshall Islands, Niue, French
Polynesia

IIb2
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105 New Caledonia, Belau,
Seychelles, Tonga, Vanuatu,
Samoa

IIb2

106 Bhutan, Guangxi, Hainan,
Yunnan, Federated states of
Micronesia, Guam,
Kalimantan, Andaman and
Nicobar Islands, Sikkim,
Northern Mariana Islands

IIb2

107 Fujian, Ryukyu Archipelago IIb2
108 Fujian, Ryukyu Archipelago,

Brunei Darussalam, Irian Jaya,
Nusa Tenggara, Sulawesi,
Sumatra, Cambodia, Laos,
Peninsular Malaysia, Sabah,
Sarawak, Solomon Islands,
Singapore

IIb2
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