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Abstract

For scientific or socio-economic reasons it is often necessary or desirable that
biological material be identified. Given that there are an estimated 10 million living
organisms on Earth, the identification of biological material can be problematic.
Consequently the services of taxonomist specialists are often required. However, if
such expertise is not readily available it is necessary to attempt an identification using
an alternative method. Some of these alternative methods are unsatisfactory or can
lead to a wrong identification. One of the most common problems encountered when
identifying specimens is that important diagnostic features are often not easily
observed, or may even be completely absent. A number of techniques can be used to
try to overcome this problem, one of which, the Self Organizing Map (or SOM), is a
particularly appealing technique because of its ability to handle missing data. This
thesis explores the use of SOMs as a technique for the identification of indigenous
trees of the Acacia species in KwaZulu-Natal, South Africa. The ability of the SOM
technique to perform exploratory data analysis through data clustering is utilized and
assessed, as is its usefulness for visualizing the results of the analysis of numerical,

multivariate botanical data sets. The SOM’s ability to investigate, discover and
II
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interpret relationships within these data sets is examined, and the technique’s ability to
identify tree species successfully is tested. These data sets are also tested using the C5
and CN2 classification techniques. Results from both these techniques are compared
with the results obtained by using a SOM commercial package. These results indicate
that the application of the SOM to the problem of biological identification could
provide the start of the long-awaited breakthrough in computerized identification that

biologists have eagerly been seeking.
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Chapter 1

Introduction

As in all of the biological sciences, botany is extremely rich in information. In the last
100 years knowledge about plants has expanded exponentially and access to much of
this information is obtained through scientific plant names. Consequently, in order to
utilize this information, field researchers, ecologists, conservationists, ethnobotanists,
students, para-botanists and even interested laypersons need to know the names of the
plants they encounter in the wild or in their gardens.

The process by which plant names are obtained in the field is known as
identification. Within this context, identification involves recognizing, selecting or
associating closely the characteristics of an unknown object with another object of
known identity. By far the greatest diagnostic information which a biologist uses
when identifying biological specimens is based on gross morphology. This is because
macromorphology is more practical to use than micromorphology or molecular data,
especially when in the field [72, 160]. The macroscopic identification of a botanical
tree is often done by taking material (leaf, bark, flowers, seed or root) from the
unknown tree and comparing its characteristics with a list of correlated characteristics
of known trees. In addition, the location, climatic conditions and general form of a
tree should also be taken into consideration. Each tree Species (which consists of
varied individuals) displays a range of characteristics which form a pattern specific to
that species. Sometimes these species’ patterns are distinct, making identification
easy, but sometimes they overlap, making identification difficult. In addition,
biological recognition is an elementary but fundamental type of identification [174].

By far the best solution for identifying botanical material is to have an expert
taxonomist who can perform the identification drawing on intuitive and sensory
recognition as well as professional expertise. However, it is often the case that no

expert is available and so alternative aids to identification have to be found. This
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research thesis investigates the problems involved in identifying botanical samples
and attempts to find a computerized solution which could increase a novice’s chance
of performing a successful identification. Many techniques are available; the most
sophisticated being those available through the fields of Artificial Intelligence (Al)
[44, 154, 182] and DNA barcoding [61, 62, 81, 88, 89, 93, 94, 149].

Section 1.1 discusses why it is thought that Al techniques and, in particular, the
Self-organizing map (SOM) could prove useful in overcoming some of the difficulties
experienced with biological identification. The objectives of this research are
presented in Section 1.2, followed by the scope of the study in Section 1.3. The
contributions of this work are discussed in Section 1.4 and finally this introduction

concludes with Section 1.5 which outlines the organization of this thesis.

1.1 Motivation

Solving the biological identification problem requires finding a system or technique
that can handle a multi-attribute data set which is often incomplete and sometimes
very sparsely populated with values. It also requires that the system is able to mimic
decisions of a human expert and is able to discriminate between data patterns that are
often fuzzy and overlapping. Human experts often base identification on the ‘giss’
(general identification based on shape and size), or ‘gestalt’ of the object being
identified, or on whether the identification ‘seems’ right. These types of decisions are
typical of humans and are extremely difficult to represent when a machine is used to
make the same sort of decisions. Humans also learn from their experience. What is
needed is a system that is capable of mimicking the thinking of a human expert.
Artificial neural networks (ANN) [67, 86, 91, 92, 177, 190, 258] are used for
modelling biological neural systems and, in particular, their ability to learn from their
environments. In addition, studies of the human cerebral cortex have shown that
several areas of the brain are represented by topologically ordered maps [65, 92, 111,
114]. These studies inspired Kohonen to develop the SOM [114] which is a form of a
neural network that can provide an objective way of clustering data through self-

organizing networks of artificial neurons.
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The typical application of SOMs is as a clustering and visualization tool for
portraying the central and inter-dependencies or correlated relationships within data
on a map [57, 105, 114, 157]. If the input data involve multi-attribute patterns, the use
of clustering techniques is essential, while the projection of the input pattern onto a
topology-preserving lower-dimensional grid provides the means for efficient and
effective visualization of the projected data. Thus the SOM has features which will
help group and organize multi-attribute biological data and at the same time represent
data in a format that is easy to understand and analyse.

Undoubtedly one of the main advantages of using the SOM for tackling biological
identification is the SOM’s ability to produce results even if the data set is incomplete.
This factor is very significant for samples where there is often an incomplete data set,
as is the case with botanical tree identification.

Given the nature of the input data, it is felt that utilizing a SOM could provide a
novel and effective technique for plant identification, and at the same time might
reveal previously hidden phenetic relationships (or correlations) between the data.
Also, by using a SOM some of the problems associated with finding and defining the
appropriate underlying reasoning of an expert disappear.

Although DNA barcoding has recently grown rapidly worldwide and is fairly
sophisticated, it is felt that it is important that one first gets a good understanding of
the morphology of botanical material before progressing to DNA barcoding. The
DNA results would make more sense once one has a good understand of the
morphological details of plants. For this reason, for this research project it was
preferred to proceed with Al techniques rather than DNA barcoding. However, the

latter technique is discussed in detail in Section 2.3.

1.2 Objectives

The main objective of this thesis is to evaluate the applicability of the SOM for the
problem of biological identification, as compared with other Al methods. In reaching
this objective, the following sub-objectives are identified:

+ To provide an overview of existing biological identification tools and of some

Al methods such as C5, CN2 and SOM.
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4+ To compare the results obtained by using the SOM algorithm with the results
obtained by using the C5 algorithm to build decision trees, and the CN2 rule
induction algorithm.

+ To analyze the results produced by the SOM and to try to identify which
characteristics are the principal components used in identifying tree samples;
and to see if any previously unrecognized identification patterns can be

detected.

1.3 Scope

Collection of data on biological material is a long and tedious process: the amount of
material potentially available is overwhelmingly large and obtaining the data is
extremely time-consuming.

For this reason, the biological data used have been drawn from botany samples,
and the data sources have been further restricted to data obtained from Acacia species
found in KwaZulu-Natal (KZN), South Africa. This genus was chosen because in
KZN it is a relatively small group of indigenous trees that provided a manageable data
source that was relatively easy to obtain. Acacia are also a prominent component of
the flora of this province.

For the purposes of this study only macroscopic characteristics of data samples
were considered. In the field, these are the characteristics that are most commonly

employed for identification purposes.

1.4 Contributions

This thesis shows that the SOM technique is very useful for identifying biological
samples, particularly because of its ability to provide results even when the data sets
are incomplete.

It also shows that the SOM technique can be used for predicting the likely identity
of a sample even when the set of data presented contains attribute values that have not

been presented in the training set.
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Finally this thesis shows that what is lacking in other algorithms used for

biological identification can be provided by using neural network techniques that are

capable of learning from previously presented data.

1.5 Thesis Organization

A brief outline of the difficulties of biological identification has been presented in this

chapter. The remainder of the thesis is organized as follows:

*

=

Chapter 2: The biological identification process is examined, and an outline of
the problems and requirements for easy identification of macroscopic botanical
material is given. A literature review relating to the research objectives is
given.

Chapter 3: Several algorithmic solutions to the problem are explored.

Chapter 4: The SOM algorithm is described.

Chapter 5: The methods used for collection, preparation and representation of
the data are presented and the research methodology used for constructing the
SOM models developed for this study is described.

Chapter 6: The SOM models are presented and are analyzed, and the results
obtained from testing the data using the SOM models are examined. The data
are also presented to the C5 decision tree algorithm, and to the CN2 rule
extraction algorithm, and the results are discussed.

Chapter 7: A validation of the research is given by summarizing the main
conclusions and the research goals of the thesis. Any shortcomings and
possible improvements of the research are discussed and ideas for future work
are suggested.

Bibliography is a list of publications consulted in the compilation of the
present work.

Appendix A presents a list of acronyms, abbreviations and glossary of terms
used in the thesis.

Appendix B presents a batch SOM algorithm.
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Chapter 2

Background to Biological Identification

The understanding of biodiversity, in particular organismal diversity, is central to all
biology and it is frequently necessary to identify organisms. It is important for
scientific and economic reasons to identify and thus name organisms. Identification is
important in conservation, environmental management and in jurisprudence.
Accessing the name of an organism (identification) can unlock a wealth of
information that has been gathered throughout history on that organism by giving
access to the warehouse of collective botanical knowledge. Names of economically
important plants (especially if one thinks of fields such as genetics, agriculture and
biomedicine) are by association of economic significance. As Janzen writes [98],
being able to access the name of any plant would be “to plants what the printing press
was to stories, education, science, law, medicine and communication”. In addition,
identification is more important now than in any other point of human history as
biodiversity experiences global-wide extinction [10, 97, 129] and taxonomic expertise
decreases [16, 21, 208, 243]. Of great concern is the fact that many groups, especially
of animals, protists and fungi presently have no experts at all.

Samples of biological specimens brought in for identification are often incomplete,
or are poor examples of the source material from which they have been taken, or are
fragmentary (for example, museum specimens). This makes identification even more
difficult. Although by far the best solution for identifying botanical material is to have
an expert taxonomist who can perform the identification, these experts are often not
available and due to the increasing shortage of these experts and/or cost of providing
specialist expertise this option is often neither feasible nor possible. According to
Hebert [93] 15,000 taxonomists will be required in perpetuity to identify life if
reliance on just morphological diagnosis continues. Thus alternative aids to
identification have to be found. This chapter discusses the problems involved in
identifying botanical samples, and some of the techniques used historically and

currently.
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Chapter 2 : Background to Biological Identification 7

Section 2.1 introduces the problems involved in identification, and in Section 2.2
the historical solutions are discussed. In particular, Section 2.2.1 describes some of
the manual botanical methods that have been used in the past and are still used today.
Section 2.2.2 discusses some state-of-the-art computerized systems. Future trends are

discussed in Section 2.3 and the last section concludes the chapter.

2.1 The Problem

The greatest problem in identifying any biological specimens is that in nature species
can exhibit great variation, known as polymorphism. Entities may be discrete, but
conversely there may also be cases where no absolute boundaries are available to
delimit taxa. The normal range of morphological variation for biological material can
be affected by climatic, environmental and geographical conditions. All of these
factors can have an affect on the growth of organisms and thus influence an entity’s
attribute values and hence its identification pattern. The age of a plant can have a huge
influence on some characteristics, for instance leaves are often larger on young plants,
heavily shaded branches and coppice growth. Some trees even start off with simple
leaves on the young plants and develop compound leaves as the tree matures. Also
many leaf characteristics deteriorate in certain seasons with hairs falling off, latex
drying up or smells fading. In addition, seldom are all possible characteristics present
or observable on a specimen at any one time; for example flowers are often absent
when seeds are present.

It is estimated that biodiversity (excluding microbes) is 10 million species, and of
these approximately 1.7 million are named species of animals and plants (i.e. form the
known portion of biodiversity). The current methods of -classification and
identification of biodiversity are clearly not coping and there is great need for new

and improved identification techniques. According to Weeks and Gaston [240]:

“The single greatest impediment to biodiversity research is taxonomic. The
resources available are inadequate to meet the demands for the discrimination,
description and routine identification of specimens of most taxa in most areas of

the world.”
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With any identification system the descriptions of specimens depend on how the
observer views the objects being described. This complicates the identification
process when the descriptions depend on ‘fuzzy’ terms, such as ‘short’ or ‘pale’. What
is meant by the term ‘short’ can be interpreted differently by each person involved
and even differently at various times by the same person.

An identification system needs to able to cope with missing data, multi-variable
data and inexact descriptions and still be able to perform identification when
previously unseen data are presented. Some of the identification aids that have been

used in the past are discussed in the following section.

2.2 Historical Solutions

The identification of biological specimens is a fundamental human activity. For a
botanist (layman or professional) identification usually means finding the name for a
specimen of a plant. Irrespective of the type of material in question a specimen cannot
be identified unless a classification of like-specimens already exists with which the
new specimen can be compared. In this sense classification means a way of grouping
specimens on the basis of some relationship between them. The groups formed are
given names, and when a new specimen is examined and it is decided that it belongs
to one of the existing groups it has then been identified. By far the greatest part of the
information which a botanist uses when identifying specimens in the field is based on
macromorphology: that is, the features that can be detected by human observation and

interpreted with ease and speed.

2.2.1 Manual Botanical Methods

Traditional methods of identification include expert determination, recognition,
comparison, and the use of keys and similar devices. As mentioned above, by far the
best method of identification is the human expert, but such an individual is often not
available when needed. When the expert’s input cannot be obtained, the problem
becomes one of finding a good alternative for the expert’s knowledge, judgment,
intuitive experience and reliability.

When time is not an issue, a method of identification is to compare an unknown

specimen with a stack of previously classified specimens, using any reliable available
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Chapter 2 : Background to Biological Identification 9

records (such as textual descriptions, photographs, illustrations, etc.), until a likely
“match” or identification is found. This method can be successful and result in a
reliable identification; however, it is not always possible or feasible to sift through
available data owing to time constraints and availability of suitable material for
identification. In addition, some groups of organisms are more difficult to identify
than others, and the lack of specific expertise on a group of organisms can also add to
the problem.

The most frequently used identification method is the diagnostic key. The use of a
key for identification is several centuries old. In 1736 Linnaeus, often mistakenly
referred to as the ‘father of modern taxonomy’, used a key which he called a clavis
(Latin for key); however he never applied this to plants [160] and the key was not
strictly dichotomous. According to Voss [237] it was not until 1778 that Lamarck, in
his Flore Frangoise, produced a dichotomous key as it is known today.

Since the 18" century most manual macroscopic identification of a botanical nature
has been done by means of sequential single-entry keys (e.g. dichotomous keys) in
books and articles; such as is found in Leistner [131]. This method does depend to a
certain extent on time, material and experience, but is generally the most successful
method when an expert is not available. These keys are made up of contrasting,
mutually exclusive characteristic statements (called couplets) that require the
identifier to make a comparison with the specimen being keyed, and then choose the
most appropriate statement from a recognized text [174, 210]. When using a key, each
time a choice is made one or more taxa are eliminated by using deductive logic, and
the number of possible results (taxa) remaining on the identification list is reduced.
When designing a key macroscopic, morphological and non-variable characteristic
states which are generally available to the user of the key are preferable; particularly
if they are relatively easy to determine.

Specialized tests on microscopic characteristics often cannot be carried out,
especially in the field. Keys have certain formats (indented or bracketed) and
conventions (statements started with the same word, as demonstrated in Table 2-1
with the use of the word ‘Plant’; and statements started with the name of the plant
part, as demonstrated in Table 2-1 with the use of the word ‘Spines’) are employed to

make the use of the key simpler.
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Table 2-1 : Extract from Botanical Vegetative Key

(Adapted from Key by Johnson in [168])

L. Plant SPIneSCONt. . ....vieeti ittt et et e e e iae e 2
Plant Without SPINeS.........oueuiei e 26

2. Spines are sharply-tipped dwarf branches......................coooiin, 3
Spines are separate structures, curved or straight.............ccccoeeeiiinine. 4

4. Spines (at least some of them) curved..............c.oooiiiiiiiiiiiii 5
Spines Straight.........oouiiiiii i 16

5. Spines scattered, Or SINGIE IN TOWS......vuvineiniiitieiiiieenee e ereiieenn 6
SPINES 1N PAILS OF TIIOS. .. uteeteetentententententententetentesenserransansansans 11

6. Spines randomly scattered............oeviiiiiiiiiiii e, 7
SPINES TN TOWS. .ttt ettt ettt e ettt e et e e et e e e e e e aeaeeeaeas 9

7. Tendrils present on some stems.........................Acacia kraussiana p132
Tendrils 1acking........ovveirii 8

16. Tree always small.........cooiiiiiiiiii e, 17
INOE S0ttt ettt ettt e sttt e b e et eeeareas 19

17. Bark corky; spines face towards branch tips.................... Acacia davyi p128
Bark smooth; twigs SHCKY......cciiviieviieirieiiciieieee e 18

18. Twigs blackish........ccccccovieciiiiiiiiieciieeeee e Acacia borleae p124
TWIgS Pale..cceieiieiieiieeeee e Acacia swazica p138

If a key is well written, suitable specimens are available, and the person using the
key is careful, a specimen can be successfully identified. However, keys do not
necessarily group related species, and in fact the reverse is often the case. In addition,
it sometimes happens that the use of specific characteristics is required, but these are
not always evident on the specimen to be identified. Also, single access or sequential
keys start at a certain point and this can result in their being unusable or difficult to

use [100]. If a characteristic is absent or is misinterpreted the user cannot proceed or

may end up identifying the specimen incorrectly.
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Most of the botanical keys for the flora of southern Africa, besides being based on
historical keys, are based on, or have similarities to, one originally developed by
Phillips in the 1920s [164] and further developed by Dyer [60]. The key presented by
Johnson [168] is also derived from these earlier keys. Table 2-1 gives an example of
an adapted portion of Johnson’s key that was developed as an aid to identification of
indigenous trees found in the former Zululand, Natal and Transkei areas.

Statement numbers are given on the left side of Table 2-1 for each of the couplets
presented. Each statement pair represents a choice available to the user. When the user
selects one statement from a pair then the next statement pair to be considered is
indicated by the number on the right side of the chosen statement. Using Table 2-1,
the user reads the first statement pair then looks at the specimen to be identified and
decides whether or not it has spines. If it is spinescent the next statement pair to be
considered is 2. If it is not spinescent, the next statement pair to be considered would
be 26. After considering statement pair 2 the user would go to statement pair 4 if the
specimen has separate spine structures (all southern African Acacia species have
thorns and not spine-tipped branches). Statement pair 4 requires the user to select
whether the spines on the specimen are straight or hooked (recurved). If the spines are
recurved the user goes to statement pair 5, if the spines are straight then the user
jumps to statement pair 16. This process continues until an identification is made. The
identification is indicated, on the right hand side of the table, by giving the name of
the identified specimen and page number where the description and other information
on the species can be found. An example of a successful identification is shown in the
first statement in the 7 pair.

Although keys may provide an answer to an expert, a layman cannot easily or
conveniently apply the key successfully, and, on occasions, even trained botanists fail
in their use of the keys. Many keys only start to “work properly’ when the user begins
to understand the way in which the key’s compiler has defined any subjective
characteristics involved. To use a key successfully, there is usually a need to know the
terminology and concepts that are unique to a group or key. For example, “Twigs
pale” can mean different things to different users and can lead to the choice of the

wrong option in a key. It is because of this, and of the use of specialized terminology,
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that the use of sequential keys is one of the main difficulties experienced by students
and amateur botanists alike [210].

Although frequent use of a key increases the likelihood of successful identification
as the user begins to understand the idiosyncrasies of the key, if an incorrect step is
taken along the path through the key (whether by error, misinterpretation, ambiguity
or aberration of the specimen itself) the identification process is likely to fail. The
chance of going wrong increases as the number of steps in the key increases. Also, the
ease of use of a key can vary depending on the difficulty of the plant group involved,
and on the whims of the compiler who developed the key. In addition, keys may
contain errors due to poor construction.

The strict sequential nature of these keys, working on a strict order of characteristic
elimination, does not allow for easy backtracking or lateral progression. Nor does it
allow for the free selection of a number of different starting points for
identifying/retrieving data. With these types of key, options for identifying an
unknown specimen are limited; and the keys make no allowance for ambiguous or
atypical data, or for the absence of characteristics in the material being identified.

In order to increase the chance of successful identification some sequential keys
employ reticulations. Attempts have been made to produce multiple-entry access keys
or polyclaves (e.g. punch or clip card keys and tabular keys) which allow the user,
rather than the author of the key, to select the characteristics to be used in the
identification process as well as the order in which the characteristics are used. This
provides a great advantage especially when the material to be identified is
fragmentary. In addition the route taken to identify a specimen may be different from
one specimen to the next. Despite these variations, the general logic of identification
using a polyclave is the same as that used in a dichotomous key. Although polyclaves
increase the chance of a successful identification they are not infallible and can only
handle small data sets. They do have a major advantage in that they allow the user
freedom to choose any characteristic in any sequence, thus avoiding the rigid format
of sequential keys [100] and allowing for the possible identification of incomplete
specimens with missing data.

Computerized polyclaves which employ characteristic elimination or probabilistic

techniques have been developed, and some of these can list the taxa that have been
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eliminated and the taxa that remain as possible identification candidates. Polyclaves

and other computerized systems are discussed in Section 2.2.2.

2.2.2 Computerized Systems

More recently, computer keys have been produced which allow for identification and
information retrieval; and several interactive systems have been used for plant
identification. There have been several major approaches as far as computerized
biological identification is concerned. These include computer-stored dichotomous
keys, computer-constructed keys, simultaneous -characteristic-set methods, and
automated pattern recognition.

Many of the applications of these approaches provide no real advantage over
printed keys, or are so time consuming that they are only practical for application to
groups of taxa which require specialized attention. In addition some of these
approaches require specialized equipment.

Despite this there can be several advantages of computerized keys over
conventional keys which include the following:

+ provide a variable starting point, i.e. make it possible to start with almost any
characteristic, in any order so that characteristics not present on the specimen
may be avoided,

+ provide the means by which it is still possible to arrive at the correct
identification even if an error is made by the user,

+ provide the means for easy backtracking if a mistake is made', and

+ provide the means for easy updating and modification.

Before data processing (for example, the formation of a key) can take place it is
necessary to describe data in a systematic and unified manner, and some identification
systems make use of keys generated in DELTA format Language for TAxonomy
(DELTA) [47], or use keys that are at least compatible with the DELTA format. The
DELTA format was first defined in 1973 by Dallwitz [48] and became the official
international taxonomic standard, endorsed by the Taxonomic Data Working Group

(TDWG), for defining taxonomic keys [25]. This has had the effect that many

! Note: there is no backtracking in Self-organizing maps (SOM)
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taxonomic identification systems developed are capable of interfacing with DELTA
files (which are ASCII coded files). Other formats have been used, but until recently
DELTA was the accepted standard. The TDWG 1is at present working on a new
standard called Structure of Descriptive Data (SDD) [30, 216] which is an
upgrade/replacement for DELTA, which is now over 30 years old.

Several existing interactive identification programs have been investigated and
compared [50, 55]. One of these is Intkey [49, 51, 52], which is a matrix-based
interactive program for identifying a specimen by comparing its attributes with stored
descriptions of taxa. Intkey, when used in combination with the DELTA system,
offers the means to generate dichotomous, open access keys, identify unknown
specimens and retrieve information.

Linnaeus II [189] software was designed and built by the Expert Center for
Taxonomic Identification, and can be used for identification allowing for output in the
form of text, pictures, sound track or video.

LucID [155] is another state-of-the-art computerized commercial and research
system available for creation of dichotomous, open access keys and for identification
of specimens and retrieval of information. It allows the developer to include text,
sound and images in order to help the user to select taxonomic and diagnostic
characteristics. As the user selects characteristic states, those taxa which do not
possess the chosen characteristic states are excluded, thereby reducing the list of
possible taxa. Once the specimen has been identified to a particular taxon,
information, sub-keys, or links to web sites for further information can be obtained.

These existing systems tend to be successful only in cases that provide a clear
“either/or” alternative and do not really cater for overlapping or vague information.
Few computer systems cater for cases that are not an exact fit to the stored data, i.e.
fuzzy cases that do not fit exactly into a defined category. The major problem with all
of these identification programs is that they do not utilize the full potential of the
computer and in some cases are little more than a computerized polyclave. Another
feature of these systems is that they sometimes offer the user many facilities which,
after practice, can be used effectively and accurately by expert botanists who
understand fully the terms and implications of the use/exclusion/modification of such

facilities. Unfortunately, some of these same facilities are potentially undesirable
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when the systems are used by less experienced users, and lead to incorrect
identification. However, it is specifically for these inexperienced users that these

systems should be catering.

2.3 Current Research and Future Possibilities

In 1977 Carl Woese [248-250] used sequence differences in ribosomal RNA (rRNA)
to define a new domain of life, called Archaea which led to the redrawing of the
evolutionary tree. Since this work by Woese, both DNA and RNA molecular studies
have been used within the biological field, and in the past four to five years there has
been a flurry of work and discussion about genomic approaches to taxon diagnosis.

Both DNA arrays (micro and macro) and barcodes have been used for the species-
level identification of organisms. DNA microarrays are ordered, low density, samples
of an organism’s DNA placed in high density on a solid support so that each sample
represents a particular gene. This can then be analyzed for changes in the expression
patterns of the representative genes after different treatments or conditions [88, 153].
The array-based approach has the requirement of prior knowledge of sequences in the
target species, and this is a limitation of the approach [88].

Most eukaryote cells contain mitochondria. In animals mitochondrial DNA
(mtDNA) is characterized by a relatively fast mutation rate, which exhibits a
significant inter-species variance but comparatively small intra-species variance.
DNA barcoding utilizes this property of mtDNA to provide a taxonomic method of
identification. In DNA barcoding a short standardized mtDNA sequence from an
unknown organism is used to assign that organism to a known species and also to aid
in the discovery of new species. In 2003 Hebert [93] proposed that a library of DNA
barcodes should be compiled that would be linked to named specimens. The idea
behind this is that the data bank of barcodes could then provide a means for
identifying species.

DNA barcoding appears to be a promising process if researchers are able to
standardize the genetic sequence/s and method/s in order to provide ‘barcode’s for
identifying species. There have been many reports of successful identification using

barcodes [87, 89, 93-95, 212]. However the question remains: is a short sample of
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genetic code from a reference gene specific enough on one species to distinguish it
from every other species? It is claimed by some that this has been proved to be the
case and that comparisons of sequence variations in that section of the gene used can
reveal evolutionary relationships among species. There are avid supporters of DNA
barcoding [215]. However, both the method and its applications are being questioned
by others [58, 96, 244, 246, 247].

It has been argued by Whitworth et al. [244] that using mtDNA can lead to
misleading results as it is possible for two different species to share mtDNA, or for
one species to have more than one mtDNA sequence exhibited by different
individuals. These authors claim that identification at the species level based on
mitochondrial sequence may not be possible for all insects.

It has also been suggested that for plants a multi-loci approach (rather than the
mitochondrial cytochrome ¢ oxidase I (COI) gene approach which has been widely
used in animal barcoding) is necessary because plant mitochondrial genes do not
differ sufficiently amongst closely related species [121, 122].

Barcodes do appear to have the potential to be an extremely useful tool for
taxonomy, especially when it comes to the identification of organisms which are
difficult to recognize from morphological characteristics. However, in the ‘plant
world’ the debate over barcoding rages on and identification by traditional means still

prevails. Better identification methods, therefore, still need to be developed.

2.4 Conclusion

Streamlining of procedures to identify organisms is obviously needed. At the moment
it seems that taxonomists are loosing the battle to identify and name organisms as
many species are becoming extinct faster than they can be named and classified.
Despite the different opinions on the proposal of using DNA barcoders to barcode
life, there has been a genomic revolution over the last 15 years. If the advantages of
DNA sequencing can be integrated with the benefits of classical taxonomy then
exciting new developments could take place. This seems unlikely to happen in the
near future. Challenges have been made against the rationale, methodology and
interpretation of results as used for DNA barcoding [247]. Many biologists feel that

DNA barcoding should be used to augment taxonomic research rather than replacing



4
&

J UNIVERSITEIT VAN PRETORIA

UNIVERSITY OF PRETORIA

Q¥ YU RI

0
NIBESITHI YA PRETORIA

Chapter 2 : Background to Biological Identification 17

it. There is still a need for taxonomists who rely on morphological characteristics, and
therefore the printed key and computerized biological identification systems are still
necessary and will remain so for the foreseeable future.

This chapter aimed to provide background information on existing biological
identification techniques and systems. It established that there is a need for improving
the identification methods in order to facilitate the ‘identification of life’. In the next
chapter several algorithmic solutions which could be utilized are discussed. In
particular, artificial intelligence approaches are investigated in order to determine
whether any of these approaches could offer some solutions to the identification

problem which other methods do not offer.
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Chapter 3
Algorithmic Solutions for Biological Identification

Chapter 2 provided an insight into some of the problems which need to be addressed
in biological identification, and reviewed some of the biological systems that are
currently utilized for identifying biodiversity. In order to add a more ‘intelligent’
approach to identification in general, the employment of artificial intelligence
techniques needs to be considered. This chapter aims to provide an overview of some
artificial intelligence (Al) techniques and algorithms which have been or could be

employed in biological identification.

3.1 Introduction

Al comprises methods, tools, and systems for solving problems that normally require
the intelligence of humans. The name Al was coined in 1956 [44], and since its
inception Al has undergone periods when it has been viewed with great expectations,
interspersed with periods of disinterest. The main direction that the development of Al
has taken in the past has been the development of methods and systems that model the
way humans think or act, or by developing systems which think or act rationally
[182]. Problem solving is a fundamental human activity, and humans use a lot of
iteration and heuristics in their everyday life to solve problems. Heuristic methods are
based on emotion, experience, intuition, rational ideas, consciousness and rules of
thumb [65, 182]. One of the main objectives of Al has been to represent simple
heuristics in a computer in order to get computers to ‘learn’ intuitive knowledge. This
is exactly what is needed in biological identification: if one can reproduce heuristic
learning in a computer and thereafter get a computer to implement instinctive
decisions, then one can use a computer to help solve the identification problem. For
example, a taxonomist looking at a tree knows what the identity of the observed tree
or specimen could or could not be; this process seems to be instinctive or intuitive but

in fact the taxonomist uses deductive reasoning to make the identification. The
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taxonomist uses knowledge, past experiences and heuristic rules to direct the search

for the identity of a specimen and place it into a likely group or class of specimens.

The members of the chosen group should have similar characteristics to those of the

specimen to be identified. This use of heuristic rules [102] may be represented as

shown in Figure 3-1.

Trainina

Domain
Space

-

S= blbe;b3;---;bn

Heuristics

g Solution
Space

A problem may be defined by assuming
that a set of n independent input attributes,
X1, X2, X3, ..., Xn, and a set of m variables of
the solution i, Y, V3, ..., Ym, are defined.
Then in the domain space D every possible
combination of values for the input
variables can be represented as a vector d =
(a, a, a3, ..., &), and in the solution
space S every possible value for the set of
output variables can be represented as a
vector S = (by, by, bs, ..., by). There is
seldom a single formula for giving the
optimal solution and so problem solving
can be viewed as mapping D to S with
heuristics providing the means of obtaining
restricted projection of D to patches in S.

In reality this is what an expert does.

Figure 3-1 : Model Representing Use of Heuristics

(Adapted from Kasabov [102, page 5]).

Recent years have seen a revolution in Al with researchers realizing that different

areas within Al are inter-related and that these areas should not be developed and

utilized in isolation [182]: according to Russel et al. there are, and should be,

symbiotic relationships between the different areas that comprise Al
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More recently a sub-branch of Al called Computational Intelligence (CI) has
evolved in which each paradigm has its origins in naturally or biologically occurring
systems [65, 163, 167]. It is generally accepted that the CI paradigms consist of neural
networks, fuzzy systems, evolutionary computing, and Swarm Intelligence (SI) [46,
65, 72, 163, 167]. Some of the paradigms which are reviewed in this study fall within
CI, but in this document the more general and encompassing term Al will be used.

This chapter presents the algorithms of some of the Al paradigms that influenced
this study. Expert systems, fuzzy expert systems and neural networks all try to
represent and mimic heuristics in computers: each includes the study of mechanisms
that allow intelligent behaviour in complex environments. These topics are discussed
in the following sections: Section 3.2 discusses expert systems and Section 3.3
introduces fuzzy expert systems. Artificial Neural networks (ANNs) are introduced in
Section 3.4 and two types of learning are discussed: supervised learning algorithms
(Section 3.4.1) and unsupervised learning algorithms (Section 3.4.2). Self-organizing
map (SOM) training, which is based on a competitive learning strategy, is introduced
in Section 3.4.3 and in Section 3.4.4 biological applications of ANNs are discussed.
Section 3.5 discusses other classification algorithms - the C5 decision tree algorithm
is discussed in Section 3.5.1, and the CN2 rule induction method is discussed in
Section 3.5.2. Other algorithmic solutions that have been used in biological
identification are mentioned in Section 3.5.3. Finally, Section 3.6 concludes the

chapter.

3.2 Expert Systems

Plant taxonomy is a complex, meticulous and information-heavy science which allows
taxa to be identified by retrieving information contained on them in a classificatory
system. Although there are various ways in which this identification may be
performed, the most commonly used ones employ dichotomous keys. This process
requires knowledge of botanical terminology and scientific knowledge of the organs
of plants and, as the process is complex, botany-related activities are not particularly
automated. For many taxa considerable experience, a large literature library and a

comprehensive research collection are required for authoritative identifications. In
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general, as an expert’s experience and expertise grow, and as the expert is better able
to work on problems in classification and identification, so the expert’s skills become
increasingly in demand. The expert cannot always meet this demand, therefore there
is a very real need for more efficient devices for identification. Reducing the time,
effort, and expertise required for identification will allow experts to concentrate on
other issues such as the description of new species. Existing computerized biological
identification systems are basically databases which store data on the specimens and
find a name via a process of filtering. Al can offer a far more dynamic approach to
identification. By using Al techniques it is possible for data to be analyzed in order to
determine patterns and relationships which allow for the collection of information that
was not stored explicitly in the database [43].

A technique that has been employed for biological identification is Expert Systems
(ESs). These are computer programs that incorporate the knowledge of one or more
human experts in a narrow, knowledge specific domain, and try to solve problems in
that domain by matching the expert's level of performance. Durkin provides an
overview of ESs: highlighting the major characteristics, comparing conventional
programs with ESs, and reviewing several systems particularly developed for
application in science [59].

The reason that more widespread use of ESs has not occurred is that knowledge
bases are often incomplete: the methods currently used to represent knowledge in ESs
rarely capture subtleties, and sometimes fail to reflect major aspects of an expert's
knowledge and understanding [63]. There are technical, psychological and
sociological problems associated with ES development [66]. When developing an ES
it is necessary to combine expertise derived from taxonomy, system design and
uncertainty logic, but getting experts from each of these fields to understand each
other and work together in a constructive and productive manner is extremely
difficult. Once developed, the output of such a system would reflect the opinion of the
humans involved rather than the inherent nature of the data and their inter-
relationships; hence such a system would be expert driven rather than data driven.
Additionally, ESs are not generally successful when applied to broad, subjective
problem-solving even though they can be applied successfully to specific, contained

problems.
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3.2.1 Early Expert Systems
In the 1960s DENDRAL, which is a portmanteau of the term "Dendritic Algorithm",

was one of the first influential pioneer projects in Al, and it included the production of
an expert system. The primary aim of the ES was to automate the decision-making
process and problem-solving behaviour of organic chemists in order to help with the
identification of unknown organic molecules. DENDRAL did this identification by
analyzing the mass spectra of chemicals and using a chemistry knowledge base as a
lookup table. Development of the system was carried out at Stanford University by
Edward Feigenbaum and other scientists [69, 130, 135]. DENDRAL consisted of two
sub-programs, Heuristic DENDRAL and Meta-DENDRAL [68, 70, 135], and was
written in the Lisp programming language. Many systems have been derived from
DENDRAL, including MYCIN; and the true significance of DENDRAL was as the
direct progenitor of MYCIN and today’s generation of ESs [135].

Developed in the 1970s, MYCIN was an important milestone in the development of
ESs. It consisted of a computer program designed to function as a consultant on
problems of medical diagnosis and therapy selection [27, 34, 35, 54, 68, 196-198,
200-205, 252]. Its field of application was infectious diseases, and it was used fairly
successfully in dealing with cases of bacteraemia and meningitis [199, 254, 255]. Yu
et al. [254] found that MYCIN’s therapy recommendations met Stanford’s standards
of acceptable practice 90.9% of the time, i.e. the system was tested by specialists in
infectious diseases who judged and concurred with MYCIN’s final therapy
recommendations, as well as MYCIN’s intermediate conclusions about the
significance of the infection and the identity of the infecting organisms.

MYCIN programs were further developed to produce other medical programs [34,

35], and hence the original programs are sometimes referred to as the father of ESs.

3.2.2 Biological Applications of Expert Systems

Also within the biological environment, an ES called SYSTEX [251] (SYSTematics
EXpert) was developed in the 1980s to test the application of ES technology to the
general problem of taxonomic diagnosis. This system used a rule-based backward
chaining system and was developed using a commercially available expert system

shell (M1 ES development software package from Teknowledge Corporation). The
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authors of SYSTEX [251] suggest that the ES approach is superior to the dichotomous
key and other identification devices in terms of efficiency and ease of use, tolerance
of missing data, explanatory capability, and the ability to provide meaningful output
when an unambiguous identification is not possible. However, according to the
authors, the ES does not provide new information, but rather acts as an integrator of
knowledge-and-delivery devices for scarce expertise and training. The insect species
group chosen for testing SYSTEX was the Signiphora aleyrodis-group. Diagnostic
characteristics of the aleyrodis-group species were collected and processed and then
used to test the ES. In Woolley and Stone [251] no statistics are presented on the
success or failure of test results, nor are the test results compared with other systems.

EXPERT KEY [12] is another expert system to aid in biological identification. The
system employs the Dempster-Shafer theory of evidence [183, 194] (a generalization
of probability theory used for inexact reasoning) to combine heuristic rules. Uncertain
inference is also used to allow the user to express lack of certainty about the
statements in the key. The use of heuristics results in the number of key couplets in
the key being significantly reduced, which has the effect of reducing and simplifying
the tasks to be performed by a non-expert. In Atkenson and Gammerman [12],
EXPERT KEY was illustrated by using it to identify four different species of
Umbelliferae (= Apiaceae)., The authors showed that the number of key couplets
needed for correct identification by the system can be reduced by as much as 80%
with the use of heuristics, thus making the use of the key much simpler for non-
experts.

Contreras et al. [43] and Fajardo et al. [66] give a description of an ES, called
GREEN, which was developed for identification of Iberian Gymnosperms (both
indigenous and cultivated) and which allows online queries. The system was
developed independently of the database on which it was employed, thus making it
possible for the system to be adapted for identification of other species. However, for
each new species the system would have to be modified.

The group of Gymnosperms chosen for demonstrating GREEN consisted of 46
taxa. Information for the knowledge base was taken from keys and used to produce a
list of diagnostic characteristics or attributes. Information gathered was further

compared by observing nature and consulting documents and experts. The important
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taxonomic characteristics of Gymnosperms were divided into groups such as the
general aspects of the taxon, characteristics of the branches, the leaves, the shoots, the
fruit, the seeds and the ecology.

After the data on the specimens to be identified is presented to it, the GREEN
system gives the user a set of results ordered according to how well the result fits the
query. Thus, as is the case with EXPERT KEY [12], a definitive identification is not
necessarily obtained. Neither paper on GREEN [43, 66] presents statistics or
comparisons of results for tests performed. However, the GREEN system was
developed as part of the research for a doctorate written in Spanish, and in this
dissertation the author reports an identification success rate of at least 83.33% [78].

Dallwitz [49] discusses ESs and matrix-based systems (for example, Intkey) for
taxonomic identification and concludes there are advantages and disadvantages of
both systems. However, the author does not include any results from an empirical
comparison of the two types of systems.

Despite the fact that biological data are frequently incomplete, an expert
taxonomist is able to handle uncertainty and missing data and still come up with an
answer. A successful identification system must be able to do the same under similar
conditions. Usually the human thinking, reasoning and perception processes cannot be
expressed precisely, and these types of experiences can rarely be expressed or
measured using statistical or probability theory [4]. One way of dealing with these

problems is to use fuzzy logic.

3.3 Fuzzy Expert Systems

Identification of botanical specimens demands an acceptance of uncertainty (for
example, the use of fragmentary and subjective information) to reach an estimate of
the true identification. The theoretical basis behind fuzzy techniques allows for the
handling of uncertainty and imprecision, and for fuzzy reasoning schemes to be
developed [132]. The theory of usuality [257] allows for the use of common sense in
ESs by providing a method of representing knowledge about events or items that are

often true.
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Traditional ESs, which must use knowledge engineering to acquire all relevant
rules from experts, are inherently “brittle”, failing catastrophically when presented
with situations outside the domain for which their rules were developed. Programmers
have tried to solve some of these problems by attempting to develop more flexible
systems. Endeavours were made to reproduce human reasoning using imprecise, or

fuzzy, linguistic terms embedded in fuzzy systems.

3.3.1 Expert Systems Vs Fuzzy Expert Systems

A Fuzzy Expert System (FES) is defined in the same way as an ordinary ES, but
methods and philosophies of fuzzy logic are applied for the inference process. In
addition to the standard rules implemented in an ordinary ES, a fuzzy ES may use
fuzzy data, fuzzy rules, and fuzzy inference. Abraham [4] gives a good introduction to
ESs and FESs. A FES can provide answers where systems demand reasoning that
entails uncertainty and imprecision. Typically, FESs when compared to non-fuzzy
ESs require fewer rules, need fewer variables, use a linguistic rather than a numerical
description, and can relate output to input. Such a system would be closer to ‘human-
like’ thinking and would use fuzzy rules instead of exact rules; thus representing in a
straightforward way ‘common sense’ knowledge and skills, or knowledge that is
subjective, ambiguous, vague, or contradictory. This knowledge might come from
many different sources, such as from long-term experience from many people over

many years.

3.3.2 Biological Applications of Fuzzy Expert Systems

Tien et al. [217] describe a fuzzy rule base embedded into a triple-layered network
structure for nonlinear modelling of a multivariable system, and used it to demonstrate
two kinds of models: one to identify/predict lettuce growth, and the other to control
greenhouse climate. The authors compared the FES prediction of results with actual
readings of results and found that there was no scientifically or statistically significant
difference in the compared results. Tien et al. hence conclude that data-driven
modelling using neural networks and fuzzy modelling is a more suitable method for
application to multivariate botanical data than mechanistic modelling procedures.
They claim that the neuro-fuzzy approach is easier and faster, and that the fuzzy rules

used are self-explanatory. The authors also claim that it is possible to incorporate
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human knowledge and to deduce interpretable rules that describe the systems’
behaviour.

Cheung et al. [31] used a FES to predict the vulnerability of marine fish to
extinction resulting from fishing activities. Data from 159 marine fish species from
the FishBase database [77] were used to test the system. Three independent data sets
were used to examine the validity of intrinsic vulnerability to extinction, i.e. when the
data sets were presented to the fuzzy system the results obtained were compared with
the extinction risk of the sets which were already known (by other methods). When
required biological data for a particular species were absent in the original data set,
the data for that species were obtained from FishBase. Cheung et al. [31] used
goodness-of-fit of test statistics as an indicator for reporting on the accuracy of
extinction risk predictions.

Cheung et al. also compared the results obtained using the FES with results
obtained from testing the same data with an ES with classical logic sets. This ES had
attributes and rules exactly the same as the fuzzy system, but classical sets were used
instead of fuzzy sets. Comparisons of FES results with empirical population
abundance trends showed that a fuzzy system could be used to predict intrinsic
vulnerability of marine fish. The tests also suggested that the use of fuzzy logic in the
ES provided a better predictor of intrinsic vulnerability than a system employing
classical logic. The authors state that the fuzzy system could react to new information,
and that the heuristic rules, fuzzy membership functions, and the values that defined
them could be modified based on expert knowledge or newly available information.
Thus the FES could be extended easily and further improved. The results obtained
from testing the system were compared with results obtained from empirical studies.
This comparison showed that the use of fuzzy logic provides a better predictor of
intrinsic vulnerability than a system employing classical logic. However, the tests
were also repeated using a reduced number of attributes, and the results from these
tests showed that the performance of this FES relative to other methods decreases
when data are scarce.

Pappas [161] used fuzzy measures and classification rules to analyze shape groups
of the diatom Asterionella and found that fuzzy decision-making analytical tools

could be used to produce results (i.e. tables) that could then provide taxonomists with
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a useful and meaningful way to undertake initial morphological identification in the
field, i.e. the tables could be used for assigning an unknown specimen to a known
group or class. The identification results obtained by using the FES concurred with
experts’ identification in 46 out of 59 cases (with a crossover point of 0.75). The
method was found to work even when information on the species and number of
specimens was scant. Pappas showed that fuzzy logic, approximate reasoning and
information collation are all used in taxonomy and species identification. Results of
this study demonstrate that the FES could help with initial identification of the
diatoms. The authors, however, do suggest that when making taxonomic decisions the
tables should be supported with additional analyses.

Such studies suggest that when analyzing the problems faced with identifying
trees, the use of fuzzy logic to represent uncertain, overlapping and imprecise data
seems very appealing. While an ES is a good tool to develop, it has some
disadvantages. A major disadvantage of expert systems is that they fail whenever a
situation occurs which their rules cannot handle. Other disadvantages include the
essential process of collecting knowledge from domain experts, for the success of the
ES will depend on the completeness or scope of the knowledge obtained from the
expert. A domain expert’s knowledge is expressed in terms of one’s intuition and
experience, and is very dependent on how one views a particular characteristic. All
this implied knowledge has to be passed on to the system developer and then
embedded into the system developed. When using a fuzzy ES, the task of designing
the fuzzy membership functions will also require collaboration from the domain
experts in order to find the most accurate or appropriate membership functions: a
process which would be difficult to implement efficiently for optimal results. For
these reasons it was considered worth looking at an Al model that was data-driven

rather than knowledge-driven.

3.4 Artificial Neural Networks

The human brain is made up of approximately 10'' neurons [139] which are
interconnected and which operate in parallel to process information. The neurons

communicate across a network of axons and synapses and act as the computing
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elements of the biological brain [258]. Figure 3-2 shows a simplified model of

biological neural information flow.

\

KEY:

External
CNS : Central Nervous

Feedback System
MO : Motor Organs

SO : Sensory Organs

Figure 3-2 : Simplified Model of Neural (Biological) Information Flow
(Adapted from Zurada [258, page 27])

The objective of an Artificial Neural Network (ANN) is to simulate the activity of
the human brain. It does this by an interconnection of neurons which mimic the
structure and operating principles of the human brain. A simple model representing an
artificial neural network is shown in Figure 3-3. In this figure, for clarity, only one
neuron is shown, although in reality many neurons would be present. Every input set,
X, is presented to each node (= processing neuron), each of which has an associated
weight vector of values, W. The weights associated with the neurons are adjusted to
better represent the input patterns, and when this process occurs the neurons are said

to be learning. The pattern associations obtained through training may then be used to
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classify appropriate test data into the correct classes. Thus an ANN can be used to

model the pattern association ability of the human brain.

Train/Test Process
Test Input
X1
Xz
Neuron
(with associated
— > Output
weight vector, W
Xn
Training/Testing Input

Figure 3-3 : Simplified Artificial Neural Network Model

Although ANNSs are based on and attempt to mimic their biological counterparts in
the human nervous system and can execute instructions at extremely fast speeds,
human beings whose brains operate at much slower speeds still outperform computers
at tasks such as biological identification.

There are various learning algorithms that can be used by an ANN, and two of

them are discussed next.

3.4.1 Supervised Learning Algorithms

With ANNSs that use a supervised learning algorithm, an input pattern and a desired
response are presented to the ANN. The ANN tries to learn the functional mapping
between the input and desired response vectors. Thus the learning is achieved through
example. Once the ANN is trained to recognize the matching input and output
patterns it can be used to predict network output accurately when presented with the

previously unseen inputs.
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3.4.2 Unsupervised Learning Algorithms

Unsupervised learning algorithms attempt to cluster a data set into homogeneous
regions by correlating characteristics present in the data. In unsupervised learning the
objective is to discover patterns or features in the input data with no help from a
teacher, basically performing a clustering of the input space.

Such a data-driven model would look for inter-relationships and regularities in the
input data presented to it during the training procedure, and would then use the
information gathered from these training sessions to classify the test input data.

For a supervised network, the input and desired output need to be known in
advance. However, in tree identification the exact input for each output is often not
known: the input from one specimen need not be the same (and seldom is the same) as
the data set of another input specimen even when the specimens belong to the same
species. Therefore, an unsupervised network that seeks for input data relationships in
order to predict the output is more likely to yield realistic results. Thus unsupervised
ANN techniques are often used for classifying, organizing and visualizing data sets.

The SOM technique, which uses an unsupervised learning algorithm, is discussed

next.

3.4.3 Self-Organizing Maps

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 can organize data so as to discover unknown
patterns or structures.

Teuvo Kohonen [111, 114], motivated by the self-organization characteristics of
the human cerebral cortex, developed the self-organizing feature map. Studies of the
cerebral cortex have shown that the motor cortex, somatosensory cortex, visual cortex
and auditory cortex are represented by topologically ordered maps [65]. These
topological maps are formed to represent the structures sensed in the sensory input
signals. Similarly, during training the SOM effectively clusters the input vectors
through a competitive learning process while maintaining the topological structure of

the input space.
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The basic SOM algorithm involves sequential training and is outlined next. A more
detailed description of the SOM algorithm will be given in chapter 4.

Each neuron in the ANN has a model (or codebook or reference) vector associated
with it. This vector has the same dimension as the vectors in the input data set that are
used as the training vectors. Once the codebook vectors are initialized with either
random values or in some other way, the training data are presented to the
unsupervised SOM algorithm. During training each input vector is assigned to the
neuron with the most similar codebook vector or best-matching node (BMN).

In essence, the learning process itself gradually updates the codebook vectors to
match the input vectors and, at the same time, maintains the representation of the
internal properties of the input data as faithfully as possible. Thus, the input vectors
which are relatively close in the input space are mapped to nodes that are relatively
close in the output space.

The SOM algorithm contains elements of competitive and cooperative learning.
Competitive learning is covered by selection of the BMN, the "winner", which has its
vector values updated to the largest extent. Cooperative learning is applied by
updating the most similar model vector as well as its closest neighbours. The closest
neighbours have their associated vector values updated to a lesser extent than the
winner, which results in the creation of similar areas on the output map.

The SOM algorithm has been applied to a variety of real-world problems [105,
157]. The main advantage of applying the algorithm comes from the easy
visualization and interpretation of clusters formed by the map. One of the main
reasons [114] for using a SOM for exploratory data analysis and data mining is that it
is a numerical method and is therefore able to treat numerical statistical data naturally
and to represent graded relationships. Other reasons for using the SOM algorithm are
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.

By using a SOM some of the problems associated with finding the appropriate

underlying reasoning of an expert disappear. These problems include trying to co-
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ordinate the expertise of different specialists and getting them to agree on different
issues involved in the identification process. In addition, the SOM method offers an
easy way to visualize results. The typical applications of SOMs are as clustering and
visualization tools for portraying process states by representing the central
dependencies within the data on maps. The advantage of using a graphical
representation is that a clear visualization of the output is given. For example, by
using a SOM it is possible to ‘see’ the identity of a tree: by presenting an unidentified
input pattern to a trained network and looking to see to which area of the map the
input pattern has been allocated.

Another of the advantages 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 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.

Given the nature of the input data it is felt that the SOM could provide a suitable
technique for tree identification in southern Africa, and at the same time might reveal

previously hidden relationships between the data items and between taxa.

3.4.4 Biological Applications of Neural Networks

ANNSs were developed initially to model biological functions and have been shown to
be flexible and universal function approximators for numerical data. They are
powerful tools for modelling biological systems, especially when the underlying data
relationships are unknown. Various types of ANNs have been used to do biological
analysis, and some of these will now be reviewed briefly.

Tan and Gilbert [214] performed an empirical comparison of supervised machine
learning techniques to classify data from four biological data sets obtained from the
UCI machine learning repository [11]. Comparisons were made between rule-based
learning systems, statistical learning systems (including ANNs) and ensemble
methods (stacking, bagging and boosting). Tan and Gilbert concluded that for the task

of classifying biological data combined machine learning methods perform better than
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individual ones. From their study the authors also concluded that accuracy (Acc),
which is the proportion of correctly identified instances, is not enough of a measure
on its own when comparing systems. The authors suggest that several additional
measurements, based on the sensitivity, specificity and positive predictive value of the
algorithms, should also be made. Positive predictive accuracy (PPV) is the reliability
of the positive predictions. Sensitivity (Sn) measures the fraction of actual positives,
and specificity (Sp) measures the fraction of actual negatives. The equations defining

these measurements are given as:

TP+ TN
Acc = Eq. 3-1
TP+ TN+ FP + FN

PPV L
T Teere Bq. 32
TP Eq. 3-3
Snh = - q
TP + EN
TN
Sp = _— Eq. 3-4
TN + FP

where
TP is the number of True Positives (correctly identified entities),
FP is the number of False Positives (incorrectly identified entities),

TN is the number of True Negatives (correctly identified entities), and

FN is the number of False Negatives (incorrectly identified entities).

When comparing different systems Podgorelec et al. [166] recommend using
sensitivity and specificity measures in addition to using accuracy measures.

Clark and Warwick [36] used the multilayer perceptron (MLP) with the
backpropagation (BP) algorithm [242] for botanical identification. The simple MLP
was used with one input node for each characteristic, one layer of hidden nodes and
one output node for each species to be identified. Using this ANN, the authors
reported a 93.3% validation success rate when using the /ris data set [11], and an

accuracy of 52.9% successful identification with a data set of specimens for Lithops,
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(using 13 characteristic states for 34 species). In a separate paper, Clark [37] also
reported using a supervised ANN to identify Lithops and a comparison was made with
taxonomic keys generated by means of the DELTA system. The ANN was found to
perform better than the DELTA key generator when the available data are limited and
the species are relatively difficult to distinguish.

A table published by Gaston and O’Neill [79: Table 2, p662], gives examples of
semi-automated and automated species identification test results based on
morphological characteristics. According to this table some excellent identification
results have been achieved with small data sets of biological specimen’s material. For
example, Gaston and O’Neill report that structures of Africanized and non-
Africanized honeybee wings have been identified with 100% success rate using Lucas
continuous n-tuple nearest neighbour classifier methods [80]. These tests were
performed on one species of bees with two sub-specific variants. Other tests using this
method are also reported as having a high success rate for identifying small data sets
of biological material [80, 239].

Also reported in the table from [79] is an ANN application used to identify plant
pollen (three species). This study reports an 83% successful identification rate [73].
The ANN used in this study was the Paradise (PAttern Recognition Architecture for
Deformation Invariant Shape Encoding) which was designed for recognition of visual
objects. Paradise used methods for feature extraction, pattern recognition and
classification of image data sets. Although the techniques used were complicated, the
authors reported they were able to create computer-based self-learning keys,
ANNKEYs, which could be used for identification when an expert was unavailable.

Although the studies reported on above appear to have had reasonable success,
they have been conducted (for the most part) on relatively small sets of input data.
They cannot identify previously unseen data, and misidentification or no identification
is made when data are sparse. On the other hand the SOM is able to handle data sets
which exhibit such characteristics [103, 114, 128, 185, 253]. A number of studies
have been undertaken specifically using SOMs on biological data sets, and some of
these studies are discussed below. Many of these studies did not report on specific
accuracy levels obtained or how the comparisons between different methods were

assessed. Hence it is difficult to judge the true value of these studies.
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Laitinen et al. [123] use SOMs for the visualization of the size and shape of
particles. This study used model image analysis of a series of particles to obtain shape
and size particle parameters. These data were then used as input for the SOM
algorithm and principal component analysis (PCA). The reported results obtained
using PCA were not very good as the method was unable to separate some of the
clusters. Although the SOM technique was able to separate the clusters of particles,
the output still needed to be analyzed and interpreted by an expert.

In another study, using a data set on the distribution of trees, Giraudel and Lek [82]
compared SOM results with those obtained by using PCA, correspondence analysis
(CoA), polar ordination (PO) and non-metric multidimensional scaling (NMDS).
Traditional statistical methods confirmed the accuracy of the results obtained with the
SOM, although the authors concluded that the comparison of methods is not a trivial
task.

Blayo and Demartines [20] also compared results obtained by applying the SOM
algorithm with the results obtained by using PCA and the generalized Hebbian
algorithm (GHA). These authors concluded that when comparing complex non-linear
data a direct comparison of results on its own is not sufficient.

Céréghino et al. [29] and Park et al. [162] applied the SOM algorithm to an
environmental data set for predicting the species richness of aquatic insects in
streams. The SOM was used to classify the stream sampling sites according to the
environmental variables. The MLP was used in a second phase for predicting species
richness. The authors found that these methods complemented each other and
suggested that for ecological modelling the combination of methods could be the
preferred procedure.

Samsonova et al. [187] used an enhanced SOM to perform cluster analysis on a
protein data set. The enhancement tools were used to determine cluster confidence
levels and to visualize the results as a tree. The authors felt that visualizing results as a
tree structure would facilitate comparison with existing hierarchical classifiers.

Fernandez et al. [71] used the SOM, the MLP and a network based on the adoptive
resonance theory (ART) for animal science applications.

Schreer et al. [192] applied various algorithms (including k-means and fuzzy c-

means clustering techniques, SOM and ART) to data sets of dive profiles for penguins
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and seals. The authors found that although SOM, c-means and k-means performed as
well as each other, the k-means technique provided results that were more logical and
readable, and for dive profiles it was the method of choice.

Li [133] developed a remote login, interoperable SOM data mining system called
iSOM (based on Kohonen’s SOM). The system was tested using the /ris data set [11]
as well as air pollution data. The cost function, Jycr, for calculating the
misidentification rate when using the /ris data set with nine clusters was reported by

Li as 0.02 using the following formula:

=

le
1 1

1
n,

c 1

||'[\/]

Eq. 3-5

J MCR

where
n. = number of clusters,
m; = number of patterns in cluster 7 misidentified, and
n; = number of patterns in cluster i.

The original Kohonen SOM network was extended by Kiang [106] to include a
contiguity-constrained clustering method [150] to perform clustering based on the
output map generated by the network. The results Kiang obtained with the /ris data set
using the extended SOM method and a minimum variance criterion gave a 90.34%
rate of correctness.

More recently, SOMs have been used successfully for analyzing and visualizing
massive gene expression data. Tamayo et al. [213] tested the SOM’s usefulness for
analyzing yeast cell cycle data by developing a computer package -called
GENECLUSTER which used the SOM algorithm to cluster and display their data.
These authors also tested their methods on data provided by Chu [33] and obtained
results similar to those reported by Chu.

Toronen et al. [219] used a tree-structured SOM algorithm [120] combined with
Sammon’s mapping algorithm [186] to analyze published expression data from 6400
yeast genes at 7 different time points during a growth phase. Sammon’s algorithm was
applied so that the relationship between the individual neurons could be visualized
more clearly. Téronen et al.’s results, as did Tamayo et al. [213], showed that the use

of SOMs is useful for the organization and interpretation of mammalian gene
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expression data. However, successful identification statistics were not directly
reported in either paper.

The SOM was also used by Nikkila et al. [153] for performing yeast gene
expression analysis and visualization, and the results obtained were compared with
those obtained by using multidimensional scaling (MDS) and hierarchical clustering.
The results obtained by using the SOM tool were consistent with existing knowledge
of the functional classes of genes and were generally found to be more trustworthy
than those obtained from using the other two clustering methods.

A comparison between the SOM and PCA was done by Brosse ef al. [23]. The data
set used consisted of 710 samples and 15 species of European freshwater fish. The
authors found that the SOM was able to visualize the entire fish assemblage in a 2-
dimensional space for both dominant and scarce species. They also reported that the
PCA method provided irrelevant information for some scarce species.

Walley and O’Connor [238] also used ecological data to compare a non-neural
self-organizing map based on information theory and Kohonen’s SOM. The system
developed for this work was called MIR-max (Mutual Information and Regression
maximization). MIR-max separated the tasks of clustering and ordering into two
different processes whereas Kohonen’s SOM integrates clustering and ordering into
one process using Euclidean distances and a neighbourhood function. The authors
report that on average the clustering results of MIR-max were 18% and 16% higher
than those produced respectively by SOMs and the generative topographical map
(GTM) [18]. These improved results were gained at the expense of the MIR-max
clustering phase being computationally demanding and the system being more
complex. An additional disadvantage of this method is that the results showed that the
SOM and GTM performed better than MIR-max with respect to ordering.

Shanmuganathan et al. [195] used the SOM algorithm to model environmental and
economic systems.

Bernatavicien¢ ef al. [17] used the SOM algorithm, combined with MDS and with
Sammon’s mapping, to visualize several biological data sets. These authors report that
both the combined methods of SOM and MDS, and of SOM with Sammon’s mapping

displayed similar efficiency for clustering and visualization of data.
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Goodacre et al. [84] used pyrolysis mass spectrometry (PyMS) to obtain high
dimensional biochemical fingerprints from 4 species of plant seeds. These data were
used as input for the unsupervised methods of self-organizing feature maps (SOFMs)
and auto-associative ANN (a fully interconnected feedforward MLP) and the results
were compared with those obtained by applying the statistical methods of PCA and
the supervised method of canonical variates analysis (CVA, also referred to as
discriminant analysis). The authors used the BP algorithm to train the auto-associative
ANN. The auto-associative ANN and the SOFMs were both able to separate out the
seed species, and the resulting groups were less subjective. The PCA and CVA
methods were not able to differentiate between two types of seed species, and the
CVA approach also had the disadvantage of requiring a priori information as to which
input spectra are replicates.

Weller et al. [241] used SOMs to cluster images of dinoflagellate cysts, and the
authors report accuracy rates up to 100% when the number of the principal
characteristics presented to the SOM was increased.

Mangiameli et al. [140] compared the performance of the SOM and seven
hierarchical clustering methods using 252 “messy” data sets (non-biological) with
various levels of imperfections (including data outliers, irrelevant variables,
dispersion, and non-uniform cluster densities). The authors found that the SOM
results demonstrated superior accuracy and robustness when compared with the
results of other cluster methods. However, the performance of each technique was
only measured by the accuracy percentage of data points assigned to the correct
cluster, and not by any of the other criteria that have been suggested (for example) by
Tan and Gilbert [214] and Podgorelec et al. [166].

SOFMs have been integrated successfully with a rule-based expert system [220-
222, 224]. Using a non-botanical data set, Ultsch and Vetter [223] also compared
hierarchical clustering and k-means clustering with the SOFM using U-matrix
techniques and found that SOFM performed better than the other two clustering
techniques.

From the above mentioned examples it can be appreciated that SOMs are suited to
exploratory data analysis, allowing one to impose partial structure objectively on the

clusters and facilitating easy visualization and interpretation. This is in contrast to the
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rigid structure imposed by hierarchical clustering, the strong prior hypotheses used in
Bayesian clustering, and the non-structure of k-means clustering [213].

Also, it is felt that the nature of biological identification is such that unsupervised
techniques are more suitable than supervised techniques as the data inter-relationships
are important. Furthermore, it is possible that a data driven approach where a
mathematically based system is left to determine the relationships might be more
suited to the problem, and might even reveal new relationships previously not noticed.
The SOM method has the added advantage that even when new, previously unseen
data are tested against the trained map it is possible to get results without retraining
the map. The SOM method is acknowledged as a method which can produce valid
results even when sparse data sets are applied: in biology sparse data sets are often the
norm.

According to Lisboa [136], there are two statistical methods which could add value
to results. The one improvement is to add the ability to map accurately the features of
the data that are difficult or expensive to find in a conventional statistical manner (for
example, by providing the means for visualizing complex interactions between
particular variables or attributes). The second improvement is to add substantially to
the power of exploratory data analysis (for example, by raising hypotheses about
unsuspected non-linear components whose explicit modelling may improve the
accuracy of standard statistical methods, or by providing direct visualization of
complex high-dimensional data). It is felt that the SOM may be used to fulfil both of
these improvements.

In addition, even though combined methods have been shown to provide accurate
and efficient results, it is felt that initially the extra complexity and time required for
using combined methods might not be necessary. The SOM is simple to implement
and needs to be applied on its own to the data set and tested thoroughly before
applying a combined method.

Although, Kohonen’s SOM has been applied successfully as a classification tool to
various biological data sets, after a thorough investigation of the literature, as far as
can be determined, the SOM’s potential as a tool for application to large botanical
data sets with a wide range of morphological characteristic states remains relatively

unresearched. Certainly this appears to be the case within southern Africa.
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3.5 Other Algorithmic Solutions

There is a great need for intelligent methods which can extract meaningful
information from enormous amounts of data: as is found in biology. Many of the
methods that have been developed have their origins in artificial intelligence and
machine learning [144]. Machine learning is a diverse field linked by common goals
and similar evaluation methods. The general aim of machine learning is to develop
computational methods to improve the performance of a task by automating the
acquisition of knowledge from experience. Since expertise requires extensive domain
specific knowledge, the overall purpose of machine learning is to provide a means of
releasing human experts from performing time-consuming activities which can be
automated, thus leaving the experts to perform other tasks that cannot easily be
performed by other persons and/or means. The general approach of machine learning
involves using algorithms to find and exploit patterns in the input data. These
algorithms have to be accurate and efficient. Many Al systems have been produced as
potential substitutes for experts and are in regular use [125].

One of the paradigms for machine learning is rule induction (RI) which uses
inductive inference to extract rules from a set of observations. The goal of inductive
inference is to learn how to classify objects by analyzing a set of instances whose
classes are known. Typically, instances are represented as attribute-value vectors, and
learning input consists of a set of these vectors, each vector belonging to a known
class. The output consists of a mapping from the attribute values to the classes, and by
using this mapping one should be able to classify accurately both the given instances
and any other unseen instances [165]. A decision tree is a formalism for expressing
such mappings, and consists of test or attribute nodes linked to two or more sub-trees
and leafs. A leaf is a decision node labelled with a class which is the decision [171].

The Quinlan family of decision tree algorithms include the ID3, C4.5 and CS5
algorithms [169, 171-173] and form popular standards for RI. These algorithms will

be discussed briefly in the following subsections.
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3.5.1 C5 Decision Tree Algorithm

For a description and examples of decision trees there are many references in the
literature [169, 182, 184, 228, 256] (and many more), and only a brief outline is given
here.

Decision tree algorithms follow a top-down, divide-and-conquer induction process.
The basic algorithm (based on the Quinlan model [169, 171-173]) for decision tree
induction can be described as follows [85]:

+ Using an information gain measure [3, 171], select an attribute to place at
the root of the tree and create a branch for each possible value of the
attribute. The underlying data set is thereby split up into subsets, one for
each value of the attribute being investigated.

+ This process is repeated recursively for each branch, using only those cases
that actually reach that branch. The branches are connected by internal
nodes that represent an attribute test; and each branch from that node
represents an outcome of that test.

+ If all instances at a node have the same classification, development stops on
that part of the tree and a leaf (= terminal) node is formed which names the
class.

Once induced, a decision tree can be used to classify target instances by starting at
the root of the tree. If this node is a test, the outcome for the instance is determined
and the process continues using the appropriate sub-tree. The branches of the sub-tree
are investigated again until a node is found that is not a test. Such a node is called a
leaf. The conditions of the leaf must match those of the target instance, and the label
of the leaf gives the predicted class of the target instance.

The most popular decision tree algorithm [64] was developed by Quinlan [169] and
employed a greedy algorithm strategy. It was called the ID3. Changes to the ID3
algorithm resulted in the development of the C4.5 algorithm [171]. This algorithm
was later further developed and refined to form the C5 algorithm [172, 173]. C5
assesses attributes and their values, and allows for tree simplification, pruning,
bagging and boosting.

The output of the C5 algorithm is a decision tree, but the algorithm is also

accompanied by a program to convert the decision tree into an optimal set of rules.
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This program first generates a rule for each leaf node, using all conditions in the path
from the root to that leaf node. The C5 rule program then applies pruning methods to
get the smallest possible set of rules with the same or higher accuracy as the decision
tree [181]. According to Quinlin [170], when classifying unseen samples a final set of
production rules is usually both simpler and more accurate than the decision tree from
which it was obtained. In addition, production rules provide a way of combining
different decision trees for the same classification domain.

C5, or its variants, have been used frequently in medical informatics research [3,
85, 134, 165, 166, 245] and in non-medical biological identification [24, 151, 152,
188, 253], to cite a few references.

According to Quinlan [169], decision tree results are categorical and thus do not
convey potential uncertainties in classification. This is a serious disadvantage, for
minor differences in attribute values of a sample being classified may result in
incorrect changes to the assigned class. Samples with missing or imprecise
information may not be classified at all. Despite these limitations Quinlan’s C5
algorithm is still recognized as a state-of-the-art decision tree algorithm and will
therefore be used to test the validity of the SOM results.

The CN2 algorithm [22, 38-40] is another example of an algorithm that utilizes RI

and will be discussed briefly in the next subsection.

3.5.2 CN2 Rule Induction Algorithm
The CN2 algorithm was designed by Clark and Niblett [39]. This algorithm

inductively learns a set of propositional if...then... rules from a set of training
examples [41]. In order to find rules the CN2 algorithm performs a general-to-specific
beam search through the rule-space looking for the best rule and then removing the
training examples covered by that rule. A control algorithm is used for re-executing
this search until no more good rules can be found. The output from CN2 is thus a set
of production rules and not a decision tree.

The original CN2 algorithm [39] defined the best rule by using a combination of
entropy and a significance test. Later the CN2 algorithm was improved and the
evaluation function was replaced with the Laplace estimate [40]. In addition, the

original algorithm produced rules as an ordered set. This means that the rule
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classifying the most records in the training data set is given first while the rule
classifying the least number of records in the training data set is given last. However,
the newer version of the CN2 algorithm has been improved and is able to induce
unordered rule sets as well as ordered rule lists.

The original CN2 algorithm and its later versions have been used frequently for
biological classification, identification and diagnosis. These references include [126,
127, 156, 206], to cite just a few.

A disadvantage of the standard CN2 algorithm [126] is that in order to allow for
handling imperfect data, the algorithm may construct a set of rules which is imprecise
and therefore does not classify all examples in the training set correctly. In addition,
some of the induced rules are not natural as a lot of information needed for
classification/identification is missing in the induced rules, making the interpretation
of induced rules difficult. Also, with the CN2 algorithm, if none of the rules fire, a
default rule which predicts the majority class of the uncovered training instances is
invoked. This can give incorrect results and, in the context of this thesis, this means
misidentification.

According to Lavrac et al. [127] the standard CN2 algorithm needs adjustments to
improve the number of induced rules, the rule coverage and the rule significance.
These authors also maintain that in the classical covering algorithm only the first few
induced rules are of interest as subgroup descriptors with sufficient coverage. The
authors state that subsequent induced rules are induced from biased example subsets
which only include positive examples not already covered by a rule. Lavrac et al.
claim that this bias makes it unlikely that new subgroups will be discovered. This
would be a disadvantage in the current study as this thesis aims to try to discover
interesting properties of subgroups of the data set.

Despite these disadvantages CN2 is a popular rule induction algorithm and will be
used (along with the C5 algorithm as mentioned earlier) for comparison and

confirmation of the results obtained by applying the SOM.

3.5.3 Other Techniques used for Biological Identification

It has been argued that sound statistical principles are essential if the evidence base

built with any data-based methodology, including an ANN, is to be trusted. It is
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argued further that these methods are best justified where they provide additional
functionality to the performance of well-established statistical models [136, 193].
However, it is not within the scope of this thesis to investigate all the methods that
have been tested in order to try to solve the problem of biological identification. Many
of the methods investigated recently have concentrated on gene analysis. Some of the
research that has come to the writer’s attention includes: Ultsch’s PUL information
retrieval algorithm [227], Madeira’s work on biclustering [138], Au et al.’s work on
attribute clustering [14], and Eisen and Spellman’s hierarchical clustering [61, 209].

It has been reported that phylogenetic trees impose strict hierarchical structure and
are best suited to data that tend to have this structure naturally [213]. The tree data
used for this research do not have natural hierarchical structures, and therefore any
method that imposes a hierarchical structure should not be used for tree identification.
Hierarchical clustering modelling methods do not show the multiple distinct ways in
which the data can be similar, and this certainly would be a disadvantage when
seeking relationships between different species of trees. On the other hand, SOM
output results can clearly demonstrate the inter-relationships between the data even
for massive and complex data sets. Hierarchical clustering has been noted [213] to
suffer from lack of robustness, non-uniqueness and inversion problems that make
interpreting the results difficult. In addition, hierarchical clustering may group data
based on local decisions and does not allow for re-evaluation of the decisions used for
performing the clustering [213]. This may result in misidentification.

Bayesian clustering is a highly structured approach requiring strong prior
hypotheses, while K-means clustering is a completely unstructured approach which
proceeds in a local fashion and results in an unorganized collection of clusters that is
difficult to visualize and interpret [213]. The SOM imposes partial structure and

therefore treads a middle path between these two extremes.

3.6 Conclusion

This chapter presented an overview of the different Al paradigms that were applied or
were considered for implementation of the experimental work in this study. A brief
outline of some of the Al techniques that were considered, namely expert systems and

fuzzy expert systems, was given. Next, the structure of a neural network and relevant
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training approaches were defined, followed by a broad overview of self-organizing
maps. Thereafter, some RI techniques were described, and in particular two machine
learning algorithms, the C5 decision tree algorithm and the CN2 rule extraction
algorithm, were outlined.

The overall objective of this chapter was to identify advanced Al techniques that
could potentially aid in the problem of botanical identification. After studying these
techniques the decision was made to use the SOM algorithm for application to the
problem of identifying tree data.

The results obtained from applying the SOM algorithm to the tree data set will be
compared to those obtained by applying the C5 and CN2 algorithms to the same data
set and analyzing the results. It is felt that the decision to use the CN2 and C5
algorithms is justified because both these algorithms are popular bona fide computer
techniques and are state-of-the-art methods from different classes of algorithms. If
either (or both) of these techniques produces meaningful results it will be possible to
compare the results with those obtained from the application of the SOM. On the
other hand, should the CN2 and/or C5 algorithms fail to perform adequately, the
anticipated superiority of the SOM for biological identification would be highlighted.

Some of the papers discussed in this chapter report work that has been performed
with neural networks using small historical data sets (for example, the /ris data set)
and comparing different systems using accuracy measures only. It has been argued by
some that accuracy measures on their own are not sufficient when comparing different
systems. In this research, evaluation of results obtained from the application of the
SOM will also be done using accuracy, sensitivity and specificity measures. In
addition, multi-class and cluster confusion matrices will be presented. Finally ROC
space graphs will be drawn to help evaluate the models.

In the next chapter the SOM technique is discussed in detail.
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Chapter 4
The Self-Organizing Map: The SOM

The previous chapter discussed different artificial intelligence approaches to the
problem of biological identification. It was concluded that self-organizing maps
(SOMs) were likely to be a useful method for application to this problem. The SOM
algorithm will be described in detail in this chapter.

The origins of the SOM are discussed in Section 4.1. Section 4.2 describes how the
SOM works: first the original SOM algorithm is presented in Section 4.2.1, next the
batch algorithm is described in Section 4.2.2, and some variants and related
algorithms are briefly introduced in Section 4.2.3. Visualization of the SOM is
discussed in Section 4.3. Problems associated with the SOM algorithm are discussed
in Section 4.4: missing data are reviewed in section 4.4.1 and outliers in 4.4.2. Two
measures of SOM quality are discussed next in Section 4.5. First, quantization errors
are described in Section 4.5.1 and then topographic errors in Section 4.5.2. The

chapter is concluded in Section 4.6.

4.1 Origin of the Self-Organizing Map Technique

The idea of using the SOM as it is applied in this thesis was conceived by Kohonen in
1981 when he suggested using ordered displays to ‘illustrate’ a data set [109, 110,
114]. Kohonen’s idea was inspired by the work of Von der Malsburg [236]. The SOM
forms a nonlinear, nonparametric regression (viz, methods used for describing
relationships between the dependent and independent variables without specifying the
form of the relationship between them a priori.) of an ordered set of model vectors to
the distribution of input vector patterns. The model vectors form an “elastic network”
that maintains the topological order of the input data and develops into specific
identifiers of the respective areas in the input space. The process steps by which the
“elastic network™ is formed are defined by the SOM algorithm. According to

Kohonen, in its basic form the SOM can be said to produce a similarity graph of the
46
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input data. The SOM does this by taking the input patterns and compressing them
onto a set of model vectors while preserving the most important topological
relationships of the patterns before displaying the output, usually in the format of a
two-dimensional grid. Thus the SOM is more than a clustering method: for it can be
used to reduce the amount of data by clustering, while at the same time it can project
the nonlinear mappings of the input data onto a lower-dimensional display. In the
process the probability density function of the input space is approximated and the

topological structure of the input space is maintained.

4.2 How the Self-Organizing Map Works

The essence of the SOM algorithm is that it trains the network to learn to recognize
input data while preserving the topology of that data. 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 end 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.
The competition occurs when an input pattern is presented to the network, and the
neuron that is best able to represent the pattern ‘wins’ the competition and is
rewarded by being allowed to adjust its vector values in order to represent the input
pattern even more closely. If the winner’s neighbouring 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 [104]. With
the SOM it is crucial that the neurons doing the learning do so as a group and not
independently of each other, i.e. the neurons must learn as topologically related
subsets. The adjustments performed during the learning steps become smoothed out

during the iterative process.

4.2.1 The Original Self-Organizing Map Algorithm

The original incremental SOM algorithm defines a special recursive regression

process where only a subset of models is processed at every step [114]. The first step
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in the SOM training process is to define a map structure. It is possible to create a
multi-dimensional lattice structure [108], but complex structures are not generally
utilized as visualization becomes difficult [234]. Usually the neurons are arranged on
a regular 1- or 2-dimensional lattice type of array with a hexagonal and oblong
arrangement. This type of arrangement is able to represent the data clusters better than
a rectangular arrangement and fits the data input distribution more easily [57].

The number and positions of neurons on the grid are defined and fixed when the
map is created and depend on the purpose for which the SOM will be used, and on the
amount of input data. Sometimes the number of neurons used is determined by a
heuristic formula such as 5+/N or+/N , where N is the number of training patterns
[234, 235]. The complexity of the SOM algorithm is governed by the number of
neurons used: the more neurons that are used the longer the training process takes and
the greater is the memory requirement. If the natural number of clusters in the data is
being investigated (as it is in this thesis) the number of neurons used in the trained
SOM must be far larger than the expected number of clusters in the data [234] but less
than the number of training patterns [65].

A vector of variable scalar weights is associated with each neuron. The dimension
of these vectors is the same as the dimension of the input data vectors. The vectors
associated with the neurons are referred to as the reference, model or prototype
vectors. The values with which the model vectors are initialized can influence the
final states of the map as well the learning speed (by ensuring fast convergence), and
it is usually preferable that the vectors are initialized in an orderly manner rather than
randomly [114]. With random initialization the self-organizing process may take a
long time and a wide neighbourhood function (discussed below) may be necessary
initially, resulting in heavy computation. If the model vector values are ordered the
rate of convergence is faster, smoother and more reliable, and a narrower
neighbourhood function can be used to obtain a more stable map [104, 114]. In
addition to the model vectors being initialized in an orderly way, generally the
weights in each vector are different for different neurons. Various initialization

methods have been proposed and discussed in [13, 65, 114].



(

&
&

W UNIV ERSITEIT VAN PRETOR
’ UNI RSITY OF PRETOR
4 TOR

YUNIBESITHI YA PRE

1A
A

I
I A

Chapter 4 : The Self-Organizing Map: The SOM 49

If a model vector is denoted by m; a convenient measure of the match between a
vector m and an input vector X can be based on the Euclidean distance between these
vectors. The objective of competitive learning is to determine which neuron best
represents the input X. Thus, the best matching neuron (BMN) would be the neuron

associated with the model vector (m.) which satisfies the following equation:

=miin{HX—mi||} Eq. 4-1

If a pattern X has some missing values those variables are ignored in the distance
calculation.

There are several measurements of similarity (or dissimilarity), but the simplest
one is the Euclidean distance formula which is used to measure distances between
patterns. This is the metric that is widely used with SOM [114, 233]. The minimum
distance as determined by the Euclidean distance metric defines the winner (m,), and
this model vector is then used to represent the input X and is rewarded by having its
values updated to be closer to the values in X. However, as stated above, learning
must not happen in isolation from the surrounding neurons. A neighbourhood set, NV,
is defined around a neuron. At each learning step all the neurons within the
neighbourhood of m, are updated by having their values adjusted, although not to the
same degree as m.. All X patterns which are best represented by m. will select m. as
the winner and are thus mapped to it. The end result is that each model vector
specializes to represent a whole domain of the input space and the “elastic net”
formed takes the shape that best fits the patterns. Those neurons that are
topographically close to each other in the array will activate each other to learn
something from the same input pattern X. This will result in a local smoothing effect
on the model vectors of the neurons in that neighbourhood, and as further learning
takes place this process leads to global ordering.

The size of the neighbourhood can vary: initially it should be set very wide to
encourage global ordering (to give a ‘zooming out’ effect corresponding to a coarse
global resolution showing a global view), and later it should be decreased (to give a
‘zooming in’ effect corresponding to a closer view with finer cluster boundaries

becoming evident). The final width of the neighbourhood is important because during
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the final stages of the map formation the accuracy of the map and the degree to which
the map follows the local data structures is determined.

After selecting the BMN the model vectors are updated. The amount of the update
is controlled by a neighbourhood function which is a decreasing function of the
distance of the neighbourhood neurons from the winning neuron. The update rule

[114] for the model vector i is:
M, (t+1)=m,(O)+h, (6] X(©—m (1) Eq 42

where
t denotes time,
hqi(t) 1s the neighbourhood function, which is usually a function of the
distance between the locations of the neurons on the map grid such that if r,

and r; are the locations of neurons ¢ and i respectively then

,hci—)o.

hei (t) = h(” r. —r;[, t) and with increasing Hl’c —ri

For convergence, it is necessary that 4_(t) — 0 when ¢ — oo. The neighbourhood

function has its largest value for the winning neuron and decreases monotonically
with increasing distance on the map grid“ re— riH 2

The neighbourhood can be defined as a Gaussian kernel [114]:

2
ri—rg

by —0(exp 2070 Eq. 43

where
a(t) 1s the learning rate factor, and
a(t) is the width of the neighbourhood radius (o(?) is the same as N, = N,(2)).
Both the learning rate a(?) and the neighbourhood radius o(t) decrease
monotonically during training. The learning rate decreases to zero, and the
neighbourhood radius decreases to a non-zero number such as one. The exact values
of N. and «a are not critical if the model vectors are initialized with ordered values.

However, the final value of o(2) in the last training cycle influences the shape of the
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SOM: a high final value of ¢(?) emphasizes the topological relationship between the
model vectors at the expense of the quantization effect, whereas a low final value of
o(t) emphasizes the quantization effect at the expense of the topological relationships.
The process of updating each model vector by presenting all the data vectors once is
called an epoch. In practice the number of epochs can be fairly low.

The updating process is illustrated in Figure 4-1 where the neighbouring model
vectors are pulled in the same direction (because of the neighbourhood relations). The

neighbouring neurons acquire similar model vectors and the map adjusts to the data

by updating these model vectors.

’ \ \ I
\ \ K
: ‘\‘ ! /| | The virtual
\ 1 1
\ 1 ..
\ ' !l | position of the
\ \ K
\ 1
\ \ ’,' input is
\\ ‘\ ! . .
Each input \ — \ \ /4 | visualized on
-~ \ \ 10
I \ s
X is RSN S yw - the map as X
7\ ;l T=-- \ " !
v T T < Tao Ty
presented ' VI
! N The model
\ |
to each ' L ! i
IS S A7 T~ vector of the
neuron P G =7 | | \ .
== o T \ 1S
/ BM ‘I ” l| A
1
/ ' ' altered so that
! [ \
! | \ its values are
1
IJ\_ ————-14'1--- IL\ -
B ST closest to X

‘ -

Figure 4-1 : Update Process of the Best Matching Neuron and its Neighbours

The input X is presented to each neuron in parallel and the Euclidean distance between each
associated model vector and the current input is calculated in order to find the model which
best matches the input. The vector values of the neurons in the neighbourhood of BMN are
altered () to represent X more closely but to a lesser extent than the vector associated with
BMN. The neighbourhood is enclosed by purple lines (adapted from Vesanto, [234, fig. 3.2,

p13]).
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4.2.2 The Batch Self-Organizing Map Algorithm

The original SOM training algorithm is stochastic where the model vectors are
updated after each pattern has been presented to the network. In the SOM batch
training algorithm the entire data set is presented to the SOM before any updates are
made.

The speed of training can be improved by approximately an order of magnitude by
using the batch version of the SOM algorithm rather than the original SOM. In the
batch map algorithm no learning rate parameter need be defined, but both the original
and batch algorithms require the definition of a time-dependent neighbourhood
function.

The batch version of the SOM may be summarized by the following steps [113]:

1. Initialize the model vectors using a suitable method.

2. Compute for each neuron the average of the data patterns for which that neuron

is the BMN.

3. Denote this average for neuronj asX; .

4. Calculate the new model vector (m;) values using the following formula:

Zinjhji%

= Eq. 4-4
Zj n;j hji

i
where
J iterates over each neuron of the SOM,
h;; 1s the neighbourhood function, and
n; is the number of patterns for which neuron j is the BMN.
5. Test for convergence and go back to step 2 and continue training until the
algorithm converges.

A version of the batch SOM algorithm is presented in Appendix B.

4.2.3 Variants and Related Algorithms

Kohonen’s SOM model requires that the structure and size of the map are defined

before a map is created. This places some limitations on the resulting maps. A number
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of variations of the model have been proposed concerning the topology and the
number of neurons.

The choice of the size of the map is important because too many neurons may
cause overfitting of the training patterns with the result that many neurons have a low
frequency (where the frequency of a neuron is the number of patterns for which that
neuron is the BMN). In addition, too many neurons increase the computational
complexity. On the other hand, too few neurons will result in clusters with a high
variance among the cluster members.

The structure of a map may be made more flexible with the aim to improve the
preservation of the topology, but sometimes this makes visualization more
complicated than it would be when using a fixed grid [104]. There are many and
various types of adaptations to the basic SOM and batch SOM algorithms which have

been developed, and some of these are discussed below.

Growing Variants of the Self-Organizing Map

One approach in an attempt to optimize map size for the SOM is to allow the number
of neurons used to vary. Training begins with a small number of neurons and the map
is allowed to grow and shrink during training as neurons are needed.

The interpolative method described by Rodrigues and Almeida [176] allows the
use of a variable number of neurons, but the structure of the map has to be predefined.
The new neurons have a well defined place on the low dimension grid and so
visualization is not a problem [233].

Engelbrecht [65] suggests a SOM growing algorithm, however, a square map
structure is assumed.

Fritzke [74, 75] used a flexible and compact structure with a variable number of
neurons. The growing cell structure method allows for the cell structure to be
determined automatically from the input data and for the network size to be
determined dynamically. New model vectors are added according to an error function
criterion. The algorithm allows for model vectors to be removed as well as added.
However, visualization is more complicated than it is with the regular SOM [104,

233].
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Fritzke also developed a growing structure grid which changed dynamically and in
which, according to [233], visualization is not a problem.

Blackmore and Miikkulainen [19] describe an incremental grid—growing algorithm
which incorporates implicit input information directly into the structure of the map,
and in the process represents it explicitly in the output. Blackmore and Miikkulainen’s
aim is to guide the development of structures actually present in the input distribution,
and during organization to detect and correct as early as possible any false topology in
the map. The authors suggest this requires an incremental approach to building and
organizing the map. Initially a small number of neurons are utilized in the structure
and then heuristics are used to find and remove any potentially inaccurate neurons or
connections, or to add neurons where they are required. After the reorganization of the
structure the process is repeated until the specified maximum number of neurons is
achieved. The algorithm can yield an accurate, low-dimensional description of the
structure in high-dimensional input.

Another growing variant of SOM was presented in [99] which leads to networks
with rather complicated structures. Visualization, however, is not a problem with this
technique.

A growing grid was presented by Bauer and Villmann in [15] where the output
space topologies are adapted in an unsupervised way. This is accomplished by
growing hypercubical output spaces up to a pre-specified maximum number of nodes.
This Growing Self-Organizing Map (GSOM) starts with a configuration of two
neurons, learns using the regular SOM algorithm, and adds neurons to the output
space according to some criterion. Growing is achieved either by adding nodes in one
of the directions already spanned by the output space, or by adding a new dimension.
This process of learning and adding is repeated until a pre-specified maximum
number of neurons is reached. The maps formed by this method deliver an output
space topology adapted to the input data. The neighbourhood is thus well preserved,
but the output space is constrained by being forced to maintain a hypercube shape.

The Growing Hierarchical Self-Organizing Map (GHSOM) [143, 175] has a
hierarchical architecture composed of independent growing self-organizing maps.

During the unsupervised training process the architecture of the model is adapted
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according to the structure of the input data. This is done by allowing the size of maps
and the depth of the hierarchy to adapt dynamically. The layers of the GHSOM grow
in a top-down fashion. Starting at the top layer, each map grows in size to represent
the data set to a specific level of detail and is then analysed. The map neurons that
need expansion (because they represent an inhomogeneous set of input data) are
developed into a new SOM in a lower hierarchical layer in order to represent the data
better. The whole process is then repeated until a suitable level of representation is
reached.

The Plastic Self-Organizing Map (PSOM) [124] is another dynamic SOM variant
which adds new neurons in order to capture new information and deletes neurons that
store stale information. Parameters are set without prior knowledge of the data set and
require tuning by running multiple trial sessions.

Another Growing Self-Organizing Map (GSOM) was described by Alahakoon et
al. [5-8]. This dynamically growing neural network does not require that a map size
be specified, but rather can be dictated by the user or the structure of the input data.
This algorithm incorporates a parameter called the spread factor (SP) which controls
the map resolution. Initially, if a low SP value is used, a coarse map is obtained. After
filtering out the data that belongs to a cluster a larger SP value can be used to zoom in
and exam any sub-clusters.

The Cellular Probabilistic Self-Organizing Map (CPSOM) [32] is an online
algorithm which has its foundation in statistical analysis. It is a learning algorithm
which allows the network to adapt to new patterns and includes a forgetting factor
(FF) which allows the network to forget stale information. The FF makes the
algorithm better able to produce flexible dynamic maps.

The Growing Cellular Probabilistic Self-Organizing Map (GCPSOM) is a hybrid
of the GSOM and the CPSOM, and is described in [8].

Tree-structured Self-Organizing Map

In the SOM the search for the BMN can be speeded up by constructing a tree-
structured SOM [117-120] (TS-SOM). Each layer (level) of the tree is a complete

quantization of the data set and consists of a separate, progressively larger SOM. The
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size of the data set is limited by using the information gathered in the previous layer.
The search for the BMN proceeds layer by layer, each time restricting the search to a
subset of neurons that is dictated by the location of the BMN in the previous layer.
The map is taught layer by layer, starting from the smallest layer. The tree structure

offers O(log N ) search complexity instead of O(N ), and so provides a fast search.

Minimal Spanning Tree Self-Organizing Map

Kangas et al. [101] proposed a minimum-spanning-tree approach (MST-SOM). In the
MST-SOM the neighbourhood relations are defined using a MST which finds the
shortest possible set of connections linking a set of vectors. In terms of vector
quantization the dynamically changing structure of the MST-SOM is faster and more
stable than the basic SOM. However, in the MST-SOM the model vectors do not have
well-defined positions on a low-dimensional map. Thus the speed up of the algorithm
is at the expense of neighbourhood relations, and visualization is more of a problem

than it is with a regular grid.

Neural Gas

The neural gas algorithm [141] is another variant of the SOM. Here the
neighbourhoods are adaptively defined during training by ranking the distance of
model vectors from the given training pattern. This SOM variant preserves the
neighbourhood relations but does not always reduce the dimension of the input data.

Again, visualization is more complicated than with the regular SOM.

Growing Neural Gas

The Growing Neural Gas (GNG) model developed by Fritzke [76] used competitive
Hebbian learning in a similar way to the neural gas model described above. The GNG
model starts with a small network and allows the addition of new neurons. These
neurons are added after evaluating local statistical metrics collected during prior
adaptation steps. The network topology is built up in small, incremental steps. The
dimension of the network depends on the input patterns and may vary, and therefore

need not be pre-specified. The growth of the network continues as training progresses
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until a pre-defined maximum network size or a user-defined performance criterion is
reached. The advantage of this method is that it uses constant parameters and is
capable of dynamic data clustering. The disadvantage is that it tends to be hard to

visualize because of the topology dimensions which may vary locally.

Multiple Self-Organizing Maps
The Multi - Self-Organizing Map (M-SOM) architecture which was described by
Goerke et al. [83]. This method consists of a set of independent SOMs which work

together while covering the input space. Each SOM is topologically distinct and has
its own size and dimension, and each output class is represented with a separate SOM.
The small size of each map ensures that it is less likely to twist and distort than a

normal map which covers the entire input space.

4.3 Visualization of the Self-Organizing Map

The SOM has properties of vector quantization, clustering and projection algorithms.
Quantization of the input patterns to the model vectors reduces the data set to a
smaller set. After quantization the density of the model vectors should represent the
input data’s density and so can be used for clustering, visualization and analysis. The
reduced data set has the added benefit that the computational complexity of
subsequent tasks is reduced. In addition, quantization can help reduce the effect of
outliers (discussed in Section 4.4.4).

As mentioned above, the density of the model vectors of an organized map reflects
the density of the input data. The model vectors are far apart in the areas between the
clusters and close to each other in the clustered areas. Hence the distances between the
model vectors can be used to demonstrate the cluster structure of the input data.

To obtain efficient visualization the models require vector projection. Projection
methods try to find low-dimensional mappings that preserve the order of distances
between the originally high-dimensional data patterns. Reliable projections can be
obtained if the characteristics are highly correlated with a lot of redundant

information, or if the data contains a lot of noise which can be discarded [231, 232,
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234]. The models (which have well-defined positions on the low-dimensional grid)
and their projections form a map of the higher-dimensional input space.

Neighbourhood relations are an essential part of the organization of a SOM,
however, several potential disadvantages of a SOM can arise relating to the
neighbourhood.

The neighbourhood definition is not symmetrical on the map borders, i.e. the
neurons located at the edges or corners have fewer direct neighbours than the neurons
located elsewhere on the map. The result of this ‘border effect’ is that during training
the properties of border neurons are different and the density estimation is different
for the border neurons than for the map’s central neurons. The occurrence of the
border effect increases the probability of topological errors [226]. Ultsch suggests the
border effect can be avoided by embedding the grid in a finite but borderless space
[225] and that the maps should be unbounded, i.e. the maps should be folded back on
themselves.

The vector quantization procedure performs averaging, and this is enhanced by the
neighbourhood function. This could result in extreme values (belonging to ‘outliers’ -
see Section 4.4.4) being ‘averaged’ out. If these outliers contain important data which
should be analyzed, their removal is a disadvantage.

Another effect that could be a disadvantage occurs when interpolating units are
placed between data clusters in non-continuous data space. These interpolating units
are useful for extrapolation of estimates of the data distribution. Sometimes, however,
this interpolation results in inaccurate information and obscures cluster borders.

A SOM may be visualized using various techniques which include visualization of
cluster structure and shape, components and data on the map. The first step of the
analysis of the map output is to try to determine how clusters relate to each other as
this provides an overall idea of shape of the map in input space. This means that
cluster boundaries have to be found. The unified distance matrix (U-matrix) can be
calculated and used for finding and displaying these boundaries. The U-matrix is a
graphical representation of the SOM where shades of a colour are used to show the
distances between each model vector and its adjacent neurons. The U-matrix exploits

the fact that the distances between neighbouring model vectors are not uniform:
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distances are small in dense areas (lightly coloured) and distances are greater in sparse
areas (darker shades of colour). This means that larger distances represent dissimilar
features between neighbouring nodes and separate the clusters.

Boundaries of the clusters on the map are usually found by using Ward clustering
of the model vectors [65]. This clustering method, based on variance, was proposed
by a statistician named Ward and is one of the most popular hierarchical
agglomerative clustering (HAC) algorithms. In this approach initially each neuron
forms its own cluster. The algorithm iterates over the clusters merging the closest
(according Ward’s distance measure), adjacent, non-empty clusters until an end
criterion is reached. This stopping criterion could be either an optimal or specified
number of clusters. The final clusters formed eventually contain patterns with small
variance over their cluster members but larger variance over other clusters.

Beside distance matrices, some of the different ways of visualizing the cluster
structure include using similarity colouring and viewing the map network in 3-
dimensions.

The component maps may be analyzed to investigate correlations or partial
correlations between the component variables (attributes). Each component plane
represents the values of a single component in each SOM neuron and thus depicts the
range of values for that component. A range of colours is used to represent different
values (from minimum to maximum) for the particular attribute being considered.
Blue is used to represent low values while red is used to represent high values. Pale
blue, green, yellow and orange respectively represent the increasing range of values
between those of blue and red.

The relationship between the SOM and the data vectors may be used for
determining the accuracy of the mappings. A particular pattern’s location on the map
is usually its BMN, although there may be several neurons with model vectors which
match the pattern almost as well as its BMN. If there is a fold in the map these
neurons may be far away from its BMN. The neurons may also be far away because
the data patterns are far away from the data manifold modelled by the map [232]. The
various possibilities have to be investigated and the possible reasons for the results

analyzed.
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4.4 Problems Associated with the Self-Organizing Map

The SOM method is an excellent technique, but there are several situations where
problems may occur. The software must be able to handle these, and analysis of the
results must take into consideration the possibility of results being affected. These

problems are summarized briefly below.

4.4.1 Border Effect

The border effect is a side-effect of the application of the neighbourhood function and
is a weakness of the SOM method. This effect, and possible ways to overcome it, has

already been discussed in Section 4.3.

4.4.2 Interpolating Units

When the data cloud is not continuous, interpolating units are placed between the data
clusters [234]. While these interpolating units may provide useful estimates of the
data distribution, they can affect the shape of the data manifold. If necessary, these
units may either be left out or at least taken into consideration when the results are

analyzed.

4.4.3 Missing Data

If a significant proportion of the data set consists of missing data values the software
must be able to handle the missing values. This can be achieved in a number of ways
including the following:

a) When comparing the input data vector with the model vectors if some of the
components of the input data vectors are unavailable, not applicable or undefined then
only the known components of each input vector are taken into account and the
vectors are re-dimensioned accordingly, i.e. the attributes with missing values are
simply ignored and the length of the vector adjusted. When the model vector values
are updated, only the component values which correspond to the values available in
the input vectors are modified.

b) Missing values can be replaced with the corresponding attribute value of the

data records' BMNss.
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¢) Depending on the operation that is being performed a combination of both
method a) and b) can be used.

d) The data records with missing values may be discarded or just removed from the
training set and later associated and displayed on the map once it has been trained.

The way in which missing data are handled may depend on the process being
performed. For example, during the process of trying to find the BMN, if the sample
vector X; has some missing values, those variables are ignored in the distance
calculations. However, during map training a node's new vector values may be
computed as a weighted mean for all the data records in its neighbourhood. For this
purpose, the missing values in the data records may be substituted by the
corresponding attribute value of the data records' BMNs.

However, as long as provision is made for their occurrence, it has been shown that
missing values are not normally a problem for SOMs [185]. The SOM’s ability to
handle missing data was in fact one of the main reasons for selecting the SOM for this

investigation.

4.4.4 Qutliers

An outlier is a data pattern that differs substantially from the data distribution and
hence lies far from the main body of the data. Outliers may occur because of an error
in the data set, or an outlier may be data patterns that are really different to the rest of
the data. In biological material this can be a fairly common occurrence and might
occur due to genetic oddities. In either case, in the SOM displays each outlier affects
only one map neuron and its neighbourhood, and if necessary can be discarded and
the analysis performed on the rest of the data set [104].

However, sometimes these outliers are important and have qualities which need to

be analyzed, in which case they should not be discarded.

4.5 Measures of SOM Quality

There are various ways of measuring the quality of the SOM, and two of these will be

discussed next.
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4.5.1 Quantization error

The quantization error (E£,) is the sum of distances of each data pattern to the model
vector of the winning neuron. The accuracy of mapping can be measured by
calculating the E,. According to Kohonen [114] the best map is expected to yield
approximately the smallest average quantization error because it is then ‘fitted best’ to
the data. The E, evaluates the fitting of the map to the data. The smaller the E, the
smaller the average distance from the input vectors to the model vectors, the closer the
data vectors are to their models and the better the fit to the data. The lower limit of the
E, is zero, which is ideal if there is no noise in the data. An £, of zero means that the
neuron weight vector is exactly the same as the data vector, i.e. that each data vector
maps exactly to one neuron weight vector. However, if there is noise then an E, of
zero may mean there is overfitting. On the other hand, the quantization error is high if
there are unwanted “twists” in the map or if the configuration of the models has not
reached a stable state in the learning process [114].

The average E, (Euyg) 1s defined as:
1 N
Eang = NE HXi - mCH Eq. 4-5

where
N is the number of patterns,
X; 1s the current vector pattern, and

m. is the BMN of the corresponding X; input vector.

Some attributes are more important, and thus statistically more significant, than
others with respect to quantization. Hence leaving out, adding or rescaling attributes
will affect the quantization error and how well the attributes are represented. The
number of times each map node is the BMN (called the number of hits) also has an
affect on the E;. The higher the number of hits on a neuron the greater the total
number of errors will be.

The E, can be used as an indication of map accuracy and as a criterion for stopping
the SOM training algorithm, i.e. the training can be stopped when the E, is low

‘enough’. The E, may also be used as a criterion for selection of the map model,
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where several maps of the same size are trained on the same data set and the one with
the lowest E, is selected. When comparing E,s the maps have to be the same size
because the £, usually decreases as the number of neurons is increased.

The E, does not take into account topology-preserving properties of the map and a

means of assessing neighbourhood relations will be discussed next.

4.5.2 Topographic error

Topology is preserved if data patterns close to each other in the input space are
mapped to areas close to each other on the map. The topographic error (E£,) measures
the topology preservation and is defined as the proportion of all data vectors for which
the first and second BMNs are not adjacent neurons [107]. E, is a simple SOM-

specific error measure that assesses the quality of the vector projection.

[ MZ

E, = %
where
u(x;) =1, if the 1 BMN and 2™ BMN are not adjacent, otherwise
uX;) =0
The lower the E; the better the SOM, 1i.e. if u(X;) = I then there are similar models
in different parts of the map and the mapping is not topology preserving. This
happens, for example, when the map folds on itself. If u(x;) = 0, similar models are
close to each other and the mapping is topology preserving. According to Kiviluoto
[107] if the dimension of the SOM Iattice is lower than the dimension of the input
space then u(X;) = 0 is not possible as, under these circumstances, the topology can

never be perfectly preserved.

4.6 Conclusion

This chapter described the SOM and some of its variants. Thereafter the visualization
of the SOM was discussed together with vector quantization and vector projection.
Next, the most common side effects of using SOMs were reviewed. Finally two

methods for assessing the quality of SOM models were discussed.
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The next chapter describes the research design used to develop the SOM models
applied in this research. Reasons for selecting the application field are motivated and
presented, and a description is given of the pre-processing methods applied to the
data. The process steps necessary for the development, verification and testing of the

models are discussed.
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Chapter 5
Developing the SOM Models

The previous chapter discussed the theory and practise of the Self-Organizing Map
(SOM). In order to use data for computerized analysis the data must be collected, pre-
processed and represented in a format which can be input to and recognized by the
selected computer program. This chapter describes how the data for this thesis were
collected and treated before they could be used for biological identification using the
SOM technique. It then describes how the data sets were presented to the SOM
software and the SOM models were developed.

The research design used in this thesis is outlined in Section 5.1. The choice of
data and the reasons for selecting these data are explained in Section 5.2. Section 5.3
explains how the data were selected and collected, including a description of any
limitations. The choice of the computational algorithm and of the software tool
selected is discussed in Section 5.4. A description of how the data were pre-processed
and represented is given in Section 5.5. The storage of the data and any special
requirements that were applied to the data before they were presented to the software
tool are described in Section 5.6. A description of how the data were divided is given
in Section 5.7. The process of presenting the training data set to the ANN and the
formation of the SOM models is given in Section 5.7.1 while Section 5.7.2 describes
the presenting of the test data set to the SOM models. Section 5.8 concludes the
chapter.

5.1 Research Design Outline

The objective of this thesis is to assess the effectiveness of the SOM for biological
identification with a view to improving biological identification methods. The steps
taken to achieve this objective were:
+ Choosing the biological application field - a discussion of what biological field
was chosen and the reasons for this choice are given.

65
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¥

Sampling the population of the selected biological domain.
Indentifying the software tool to be used.

Coding the data samples.

Presenting these data to the software tool.

Interpreting the software results.

Assessing the effectiveness of the SOM models.

- F & - & &

Recommendations arising from using an ANN approach for biological

identification.

How these steps were performed and the results obtained will be discussed in this
chapter and in Chapter 6.
The choice of data is described in the following section together with the reasons

for the choice.

5.2 Choice of Data

Careful consideration was given before selecting a botanical rather than zoological
group. In particular, many groups of commonly encountered trees with complex
evolutionary and taxonomic relationships seemed appropriate as a means of testing
the ability and efficiency of the SOM algorithm as an identification tool. The choice
was driven by the fact that there is a very real need to provide non-specialists with an
aid to identify trees when an expert is not readily available. This is especially true in
Africa where there are very few taxonomic experts while the biodiversity of the
continent is extremely large. Flowering plants alone are estimated to be in the order of
70000 species. In addition, laymen often find the identification of trees difficult.
There are several reasons for this: for instance, vegetative characteristics (for example
leaves), although present most of the time, show variations which are not obvious to
the inexperienced. To make things even more difficult, some of the most obvious
macroscopic characteristics (for example flowers and fruit) although extremely useful
and diagnostic in the identification process, are oftentimes not present. Although each

tree species does have its own unique characteristics, these characteristics often do not
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display easily identifiable macroscopic variations within its group that other
biological species do. For example, most trees have green leaves and
greyish/brownish/blackish bark with little variation in colour, while, on the other
hand, other biological species, for instance birds, have different colours and
sometimes different shapes and sizes. This variation aids enormously in
differentiating the species during the identification process.

Having selected trees as the source for the data sets to test the SOM, the next step
was to find a small group or genus of trees. The training and test data sets have to be
limited in size so that the amount of data does not become overwhelming, but the
group should still remain scientifically suitable for testing the identification tool.
Consequently, in choosing a model system it is necessary to look for a relatively small
genus which is taxonomically well worked out but also has some challenges. Ideally
the chosen species should be identifiable by an experienced expert but should present
difficulties for the layman who does not have experience with the particular taxa. To
limit the size of the data set it was thought that the group chosen should be limited to
a region rather than the whole of South Africa, southern Africa or the world. As the
author is resident in KwaZulu-Natal (KZN) the choice of taxa was limited to this
province of South Africa.

The genus Acacia has 23 taxa which are indigenous to KZN, and this is considered
a reasonable number for a study at this level and complexity. Also the genus is found
fairly commonly in KZN, thus making the gathering of data less difficult. The Acacia
species are not easy for non-specialists to differentiate, especially as the vegetative
characteristics show variation which is not obviously diagnostic to inexperienced
botanists. Often the flowers and pods are not present and these are usually important
macroscopic characteristics used for differentiating Acacia species.

Acacia is an important and widespread African genus which often dominates the
landscape. In fact Acacia species are extremely important locally and all species make
some contribution to the environment and rural economy by way of shade, shelter,
soil stabilization and fertility, food for browsing animals and fuel; to mention a few

uses. Many are also important ingredients in local herbal medicines called muthi. In
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view of the above, the Acacia trees indigenous to KZN were selected for testing the
SOM algorithm’s ability to identify tree species.
In the next section the recent plans to change the name Acacia are discussed and

the meaning of the name Acacia is explained.

5.2.1 Moves to Transfer African Acacia Species to a New Genus

The name Acacia is the Latin form for the Greek name acanth/acantho meaning
thorny or spiny [211] or alternatively the Greek word akakia (which is derived from
axig (akis) which is Greek for a sharp point). Although irrelevant to this thesis it is
interesting to note that the Acacia wood is reputed to be the wood used to build the
Arc of the Covenant [159].

Since this thesis was started a recommendation has been made for the name Acacia
to be conserved for the Australian species and that the African (and other) species be
placed in newly proposed genera [26]. However, counter proposals are to be put
forward for adoption at the 2011 Botanical Conference in Melbourne. As a result this
thesis will continue to use Acacia for the African species until this nomenclatural
problem is resolved [9]. A number of papers [137, 142, 146-148, 158] deal with the
Acacia name change issue.

The acquisition of the data set used in this thesis is discussed next.

5.3 Data Collection

Having selected the Acacia species of KZN to trained and test the SOM the next step
to be performed is to collect and prepare the data for use. These steps will be

discussed next and an outline of the steps is depicted in Figure 5-1.

Data Pre- Data Training Data,
processing Standardization Testing Data

Figure 5-1 : Process Diagram of Steps in Preparing Data for SOM
(adapted from Vesanto [234, page 3])

Data
Collection
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A process of acquisition and elicitation of the data is needed for inputting into any
analytical computer software and to a large extent the final function and success of
such an analytical system is dependent on ‘what’ data are presented to it and ‘how’
these data are presented. Traditionally, botanical data are stored in a number of forms,
but by far the most extensive source of morphological information is in the form of
written descriptions. When gathering the data for computerized analysis, the first
problem that has to be dealt with is the manner in which these data are structured.
Morphological, anatomical and cytological botanical data are such that they cannot be
presented directly to a computer system because they are often incomplete, imprecise,
unstructured and dispersed [66]. In this thesis the data for the data sets were drawn
from several sources. This included extracting information from authoritative
botanical literature (keys and scientific descriptions) and herbarium specimens’
documents, undertaking field work, and consulting experts. In particular, the data
were directly derived in a manner similar to that employed by botanical experts:
namely from dichotomous keys of the ‘if-then’ type, monograph descriptions, species
description composed by experts, and herbarium specimens. These are the sources of
data that are used for the classification and recognition of plant species. In particular,
data sources used were the Flora written by Ross [178-180], with additional data
being gathered from [28, 42, 53, 145, 168, 191, 207, 218, 229, 230]. In addition, data
were obtained from observing Acacia species in nature, and from information gained
directly from knowledgeable colleagues. This information was subsequently
confirmed by consulting herbarium documents and specimens, and by taxonomic
experts.

Thus, information on acacias was gathered and summarized and a list of
macroscopic diagnostic attributes (descriptors or characteristics) at species level was
compiled. The choice of descriptors was guided by the attributes which were
presented in the consulted literature. Only macroscopic characteristics that are easily
and usually observed with the naked eye, and that are normally used in the field for
identification, were considered. Once a list of the most important taxonomic

characteristics had been drawn up, the attributes were grouped as shown in Table 5-1.
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Table 5-1 : Sub-groups of Acacia Characteristics

Sub-groups Maximum No. of Characteristics
Habit & Thorns 43
Flowers 19
Pods and Seeds 25
Leaves 40
Total 127

The following points should be noted in conjunction with Table 5-1:

+ Habit and thorn characteristics of the trees included attributes which
described the tree in general (viz. the habit), for example the maximum
height of the tree, colour of the trunk; and thorn qualities such as the type of
thorn (straight or recurved), and the length of thorn.

+ Leaf characteristics included attributes such as the length of the leaf and the
number of leaflets.

+ Flower characteristics included qualities such as colour and shape of
inflorescences.

+ Pod and seed characteristics included attributes such as shape of the pod
and number of seeds.

Altogether 127 macroscopic characteristics were extracted to describe each of the
Acacia species used in this study.

The identifying diagnostic attributes and their values were stored in a MS-Excel
spreadsheet. An example of a portion of this table is shown Table 5-2. The database of
information is seen as a matrix, where each row represents an instance and each
column represents an attribute. In botanical science the genus name (in this case
Acacia) can be abbreviated to its initial (in this case A4.) when the genus name is
followed by the species name. Thus, Acacia ataxacantha can be abbreviated to A.
ataxacantha. This convention will be used in this thesis. In Table 5-2, as confirmed by
a taxonomic expert, 4. ataxacantha has an elongate or spike-like inflorescence with

white flowers, while A. karroo has a capitate or head-like inflorescence with yellow
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flowers. This information is indicated by the value ‘Yes’ in the appropriate columns
in Table 5-2. For each specimen the corresponding attribute value (if available or
applicable) was noted, and finally a table of values was obtained for 80 samples for
each of the 23 KZN Acacia species. Altogether a total of 1840 specimen descriptions

was obtained.

Table 5-2 : Extract from a Numerical Table Describing Acacia Specimens

SPK! [ HD? |coLY?® COLWH?*
A. ataxacantha Yes Yes

A. karroo Yes Yes
where the codes:

1 ‘SPK’ means spike;

2 ‘HD’ means head;

3 *COLY’ means colour yellow;
4 ‘COLWH’ means colour white.

According to Lisboa [136] the sample size of the data set should be at least five
times more than the number of attributes; and if the sample size is small, cross-
validation should be used. Vesanto also states that for SOMs the number of samples
must be considerably more than the number of attributes [234].

In this research project, half the herbarium samples were kept for training and half
were kept for testing. As a result, for the whole data set the training sample size (920)
is over seven times the number of attributes (127). In addition, a 30-fold cross-
validation was employed.

In the next section the choice of software is discussed.

5.4 Choice of Software

According to Cottrell [45] the SOM, and its related extensions, is the most popular
artificial neural algorithm for use in unsupervised learning, clustering, classification
and data visualization. Kohonen [116] states that over 7000 scientific articles have

been written about SOM [105, 157], and in addition many commercial projects
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employ the SOM as a tool for solving hard real-world problems [45]. SOM properties
include quantization, clustering and visualization, which are all useful for identifying
data. The SOM technique, in particular, can still provide results for data even when
many values of the characteristics are missing, thus making the method highly
appropriate for the problem of botanical identification. For these reasons, and for
reasons already discussed in previous chapters, the SOM algorithm was selected as an
ANN technique to solve the problem of botanical identification.

Having decided to use the SOM algorithm, available SOM tools were investigated.
The Helsinki University of Technology (HUT) web page [1] lists available SOM
software and gives a short evaluation of each package. SOM PAK is public domain
software [112] which was developed by the SOM Programming Team of HUT and
may be considered as the original SOM implementation. Deboeck [56] and Kohonen
[115] also give an overview of available SOM software tools. Even though
SOM_PAK appeared to be a logical choice, at the time of selecting the software,
Viscovery® SOMine was the state-of-the-art SOM software, and so this package was
chosen for use in this research.

The Viscovery” SOMine software is simple to operate and is reliable. The pre-
processing of input data allows for scaling, priority settings and transformations.
Output visualization can be in the form of cluster maps, component planes, U-matrix,
iso-contours and limited statistics. Several clustering options are available and the
SOM algorithm is combined with the Ward clustering method. The software can
perform dependency analysis, however the final analysis/interpretation of the output is
performed by the user and not by the package. The software uses the batch map
algorithm and provides some accelerated computing (in the form of a growing map)
which has the effect of being able to achieve high computing speed. The map array is
always hexagonal, and the initialization of the model vectors is made along the plane
spanned by the principal axes. The neighbourhood function is always Gaussian and
missing data are handled automatically. These features combine to offer a very
effective software tool.

The version of Viscovery” [2] used during this thesis is Viscovery® SOMine Plus

Version 4.0 which allows up to 50,000 data records with no restriction on the number



NIVERSITEIT VAN PRETOR
MIVERSITY OF PRETOR
IBE TOR

1A
5 A
UNIBESITHI YA PRE

(023}

- ==

I
I A

Chapter 5 : Developing the SOM Models 73

of variables (characteristics). The Viscovery® software allows certain parameters to
be set before the data are presented to the ANN. For instance, the software allows the
user to select the number of nodes. When the user selects the number of nodes the
software uses approximately the number requested (not necessarily exactly). The
default value for the number of nodes used for SOMine is set to 2000 nodes.

With Viscovery® software the significance of a characteristic can be scaled by
increasing the priority of that characteristic. If a priority of less than one is selected,
the importance of that characteristic is decreased. If a priority of more than one is
selected, the importance of that characteristic is increased. The default priority is 1
and this was the value used for the work in this research.

The value of the map tension may also be selected. The default value is 0.5, and
this value was used as a larger tension (say above 1) would result in a rigid map.

The Viscovery® software default values were used in this research as the aim of
this thesis was to see if the SOM is an effective tool for identifying biological
material. More particularly, the inter-relationships of the data were important and so,
as far as possible, default values were used to minimize the effect of manipulation and
thereby possibly biasing the outcomes.

The next section presents a discussion on how the data were prepared for inputting

into the ANN.

5.5 Data Pre-processing

There are two assumptions made about the data collected: firstly, the identification of
all instances is unknown to the SOM, and secondly, the data are numerical and are
either continuous or discrete. No formulas, calculations, macros or text are allowed
within the data set except for text descriptions in the title row and title column.
Consequently, in the data table the first row is a title row that labels each column of
attribute values; and the first column is a title column that labels each specimen
sample. The title row and title column are ignored during subsequent creation of the

SOM.
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Although the identity of the instances of the species is assumed unknown and not
presented to the SOM, the class labels for all the instances have been determined by
experts and this information is used afterwards for labelling and to aid in the
interpretation of the results. The reason for not presenting species’ identities to the
ANN initially is so that the output of the SOM is data driven and not affected by
imposing human decisions which could be biased. In this way the identities of the
specimens do not affect the structures that may be found, and any pattern presented by
the SOM is determined objectively and a priori.

Data, as extracted from botanical sources, are usually in the form of written
descriptions. These textual descriptions have to be represented numerically before
presentation to an ANN. This transformation was done manually and the results were

stored in a table, as shown in the extract presented in Table 5-3.

Table 5-3 : Extract from Numerical Table Describing Acacia Species

Column 1 Columnm )
Attribute
Title Row
TR HT MAX |STEMS TR CRWN | --- <—-l_
A. ataxacantha 0.9
Samples/
A. borleae 0.05 0.7 .
Specimen
A. brevispica 0.1
<+— Row n

Sample Title Column Attributes/Characteristics/VVariables

In Table 5-3 column one, the names of the specimens are given, while in row one
the names of the attributes are given. The intersection of each row [2..n] and of each
column [2..m] gives the attribute value for the respective specimen. For example, in
Table 5-3, A. borleae has a maximum tree height (TR_HT MAX) which is
represented by 0.05, and a stem (STEMS) value of 0.7 (which means the tree may

have one or more stems from the base). No values are available for describing the tree



=

&
&b

ﬂ UNIVERSITEIT VAN PRETOR
@, UNIVERSITY OF PRETOR
4 TOR

YUNIBESITHI YA PRE

1A

I
I A

Chapter 5 : Developing the SOM Models 75

crown (TR_CRWN) so this cell in the table is left blank. By employing a numerical
table-format the data can be investigated from the viewpoints of either the specimens
or their attributes. When the table is investigated as a collection of specimens
interesting similarities between individual specimens can be considered. When the
table is investigated as a set of specimen attributes the statistical properties and
dependencies of the attributes can be considered [234].

Some characteristic values were encoded with discrete values of 0 or 1
(corresponding to false or true, or present or absent) as appropriate. This encoding
was used for characteristics such as colour of flowers where species with white
flowers could for example have their characteristic value as 1 (true for white flowers)
while species with yellow flowers could have this characteristic value stored as 0
(false for white flowers).

Other characteristic values were encoded using a real number between 0 and 1.
This encoding was used for characteristics such as length of thorn. The normalization
of the data is discussed in Section 5.6.

During the pre-processing stage, the original raw data were cleaned and
transformed so that:

+ the significant data properties were presented more clearly,
4 there are fewer or no erroneous values, and
4 the data are in a numerical format suitable for the SOM method.
During the next phase data were standardized, and this is discussed in the next

section.

5.6 Data Standardization and Storage

Data were normalized between (0, 1) to focus attention on the pattern of the data
rather than on absolute levels of the data values. Some characteristic values, such as
maximum tree height, have high values while other characteristic values are much
lower, such as leaflet length. In order to standardize the effect of the contributions of
the different variables all data were (0,1)-normalized as was suggested by Kohonen

[114].
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Once the data set has been prepared it must be stored in a format that is compatible
with the Viscovery® SOM software. The SOM software will accept data stored in a
MS-Excel spreadsheet or in a text file. For this research Microsoft® Office Excel
2003 was used for storing the data.

The data set was compiled independently of the Viscovery® SOMine software
used, and the data were presented to the SOM software only when the training and
testing was done. The SOMine tool can work with any set of numerical data prepared
according to the necessary criteria, and so the ANN could be used with any biological
material.

The next section gives a description of the process followed when presenting the

data to the SOM algorithm.

5.7 Data Utilization

Kohonen [114] reported on a technique which required that the data set be divided.
This technique allows some of the data to be used for training the SOM while the
remaining data are used for testing. The patterns used for training have a relatively
small amount of data missing while the test data set has a higher proportion of
attribute values missing. This test data set was mapped on to the trained SOM. A
technique similar to this was employed for this thesis.

For this research project the data set was split to form a training set and a test set.
The training set was divided further to provide subsets for cross-validation purposes,
and the next three subsections describe how these sets were used. In addition, the
training set was divided into subsets based on four major biological characteristics
(i.e. habit and thorns; flowers; pods and seeds; and leaves), and the entire

experimental procedures were repeated for each subset.

5.7.1 Training Data Set
For training the ANN data must be as complete as possible (i.e. little missing data).
The training set is meant to represent an analysis of the complete knowledge of

Acacia as known by taxonomic experts of this genus. These experts need to have a
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very good overall knowledge of the attributes of each of the Acacia species. For this
reason the training data set was made as complete as possible, and when values were
missing (because they were not observed or were absent) the gaps were filled in
wherever possible by referring to accredited expert sources as has been done in other
biological research [31, 43, 66, 78].

In this thesis, with reference to a model or a data set, the word ‘whole’ has been
used to refer to the data set containing all the attributes of the samples. For example,
the term ‘whole SOM model’ is used to describe the SOM models formed using the
whole data set, and the term ‘whole data cross-validation sets’ is used to describe the
cross-validation sets consisting of data containing the whole set of attributes.

The whole data set represents 23 Acacia species and consists of 920 attribute
patterns. These were evenly distributed among the species giving 40 patterns (or 4.7%
of the training data set) for each of the species. Each pattern consists of up to 127
attributes with a small number of values missing where a particular attribute value
was unknown or inappropriate for the pattern in question.

All experiments used a 30-fold cross validation process where the training set was
randomly divided into thirty disjoint sets of which 29 subsets contained 30 patterns
each and one subset contained the remaining 50 patterns. This gave a queue of

subsets. The division of the data set is shown in Table 5-4.

Table 5-4 : Composition of the Whole Data Cross-Validation Sets

Whole Training Set Number | Size of Training Set | Size of Verification Set
1 870 50
2-30 890 30

For each of 30 simulations the first 29 subsets were used as the training set and the
last one as the test validation set (to measure generalization performance of the maps).
After each simulation the last subset was removed from the end of the queue and
reinserted at the front of the queue, and the network was trained again. Thus the
verification set consisted of a unique set for each simulation (i.e. each pattern gets

used exactly once for verification) but the training sets were not unique (i.e. each
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pattern gets used 29 times for training). After these steps were repeated for a total of
30 simulations, 30 training-validation set pairs were obtained.

Each of the 30 training sets was presented to the ANN as depicted graphically in
Figure 5-2.

/SOM Training \

with 29 sets and

Training Data

(30 sets)

validation with

the last set
\ J

Training/Validation Process

( Repeated 30 times, each time after rotating the 30" set to the front of queue )

Figure 5-2 : Steps in Performing SOM Training
(adapted from Vesanto [234, page 3])

In this research the whole set of training data was presented to the software and
the number of nodes selected varied from 23 (the number of Acacia species used in
the data set) upwards. It was found that the best results were obtained by using 201
nodes, where best results were judged to be the ability to cluster the specimens
accurately into 23 groups using the smallest number of nodes.

So as not to influence the output of the algorithm unduly, this research used the
default parameter values (except for the number of nodes). This meant that all
components (characteristics or attributes) were used without restricting, amplifying or
suppressing the range of values, or removing any records.

After the network had been trained the output of each simulation was saved. Each
simulation outputs a cluster map and value maps for each of the characteristics. These
30 cluster maps are the models that were used for performing the testing phase and are
discussed in Chapter 6, subsection 6.1.1.

The next section describes the process of presenting the verification data to the

trained map.
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5.7.2 Verification Data Sets

Each of the 30 verification data sets was presented in turn to its respective trained map
using Viscovery™’s recall function. This verification process was performed to
demonstrate that the results were not obtained randomly and could be obtained
repeatedly. The 30 verification sets were obtained as described in Section 5.7.1, and
the results of the cross-validation process are discussed in Chapter 6, Section 6.1.2.

The next section discusses the test data set.

5.7.3 Test Data Set

Each of the 30 SOM models, obtained as described in subsection 5.7.1, was used to
see if the model could identify an Acacia test data set accurately. The test data set
consisted of 920 patterns consisting of up to 127 attributes. These patterns were
previously unseen by the trained network and were sparsely populated, i.e. had many
missing attribute values. When trees are observed in nature, many characteristics are
absent or may not be observed at that particular time. For example, flowers and pods
are often absent during particular seasons. Therefore, no attempt was made to fill in
missing values in the test data set. Use of a sparse test data set is important to this
investigation as it is essential to demonstrate that the trained ANN can identify data
sets with many missing values. Table 5-5 describes the process followed for testing

the SOM models.

Table 5-5 : Testing the SOM Model

SOM Models Test Set Function Utilized | Results
1-30 920 randomly | Viscovery® Recall | See Section
sorted patterns | Cluster 6.1.3
Membership

The randomly shuffled test data set was presented to each of the 30 trained SOMs
using the recall function as depicted in Figure 5-3. This process was repeated 30
times, each time using a different trained map. These results will be presented and

discussed in chapter 6.
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New Trained Map
»| Visualization
Randomly
Shuffled » Clustering
Test Data
» Modeling

Testing Process Repeated 30 Times

Figure 5-3 : Steps in Modelling Test Data
(adapted from Vesanto [234, page 3])

5.7.4 Data Sub-Groups

In addition to using the entire training data set as a complete entity having 127

attributes, the training data set was also split into each of the sub-groups shown in

Table 5-6. This was done in order to test if a trained sub-group map was able to

identify the corresponding sub-group test set. Each of these sub-groups was randomly

shuffled and treated in the same way as the whole data set had been treated. The 30

training-validation data set pairs were obtained for each of the sub-groups and the

network was trained with each of these training data sets. Thereafter the verification

process was performed on each of the training data sets using the respective validation

set.

Table 5-6 : Data Sub-Groups

Data Sub-Groups | No. of Attributes
Habit & Thorns 43
Flowers 19
Pods and Seeds 25
Leaves 40
Total 127

The next step involves checking and analyzing the maps and results obtained from

training and testing the network. This analysis will be covered in Chapter 6. The
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following section briefly summarizes the work covered in this chapter and introduces

Chapter 6.

5.8 Conclusion

This chapter aimed to provide a description of the choice of software and
application data used in this thesis. It discussed the process followed in choosing the
biological application field and the reasons for this choice. Next, the process of how
the sampling of the biological domain (in this case the acacias of KZN) was
performed is described. The choice of Viscovery® SOMine software is discussed and
the coding necessary for pre-processing the data is described. Finally, the presentation
of these data to the SOM algorithm is described together with the training verification
and testing of the SOMs.

In order to assess the SOM models as tools for biological identification, the
effectiveness of the maps produced by the training data sets are discussed and
analyzed in Chapter 6. Validation set results are investigated to verify that the maps
are able to produce consistent and accurate results. Thereafter, in order to demonstrate
the SOM’s ability to identify Acacia trees efficiently and accurately, the results
obtained from presenting the test data set to the trained maps are analyzed and

discussed.
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Chapter 6
Analysis of the SOM Performance

The basis of empirical science is that every problem or scientific question is
investigated via the experimental collection of data. These data are then analyzed for
patterns of certainty and are then interpreted in the context of the already extant body
of knowledge on the subject. Good science is hypotheses driven, and these hypotheses
must have deductive or predictive power. The main task of a SOM, if used in this
process, would be to act as an exploration tool for acquiring and understanding the
properties of these data, and for generating hypotheses about these properties.

Chapter 5 outlined the research design process that was performed for this thesis.
The choice of the application field and the application software was discussed and
reasons for their selection were given. The sampling process was described and the
pre-possessing and the encoding of the data were explained. Finally, the presentation
of data to the software and the verification and testing processes were described.

This chapter presents the results of the experiments outlined in Chapter 5 and
analyzes them to assess the effectiveness of the models for identifying specimens of
KZN Acacia species. These models consist of five sets:

1. TreeSOM models which were developed from the whole data set,

2. Habit and ThornSOM models which were developed from the habit and thorn
data sets,
FlowerSOM models which were developed from the flower data set,

4. Seed and PodSOM models which were developed from the seed and pod data

sets, and

5. LeafSOM models which were developed from the leaf data set.

These models are referred to as the TreeSOM, ThornSOM, FlowerSOM, PodSOM
and LeafSOM models respectively.
Section 6 introduces the TreeSOM models, and the results of the training of the

TreeSOM models are discussed in Section 6.1.1 followed by a discussion of the

82
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results of the verification process in Section 6.1.2. Testing and analysis of results of
the TreeSOM models are described in Sections 6.1.3 and 6.1.4 respectively. The Habit
and ThornSOM models are presented in Section 6.2 and are discussed using the same
structure as outlined above for the TreeSOM models. Similarly, the results of each of
the remaining models are then described, but in less detail so as to avoid repetition.
However, more details are given where the results showed different or interesting
aspects worth noting. The FlowerSOM models are covered in Section 6.3, the
PodSOM models in Section 6.4 and the LeafSOM models in Section 6.5. The C5 and

CN2 results are discussed in Section 6.6, and the chapter is concluded in Section 6.7.

6.1 The TreeSOM Models

The TreeSOM models were created from the whole data sets as described in Chapter
5. The performance of these models is now investigated and analyzed by evaluating
the results of each of the steps performed (i.e. the training, verification, and testing

phases). These steps are discussed and evaluated in turn.

6.1.1 Evaluation of the TreeSOM Models

The whole data set contained 920 specimen patterns, 40 for each of the 23 KZN
Acacia species. The patterns had up to 127 attributes each and were used for training
and validating the neural network. Training the network using each of the 30 whole
training data sets was performed as described in Chapter 5, subsection 5.7.1. The
number of neurons used for training the network was 201. This number was
determined by requesting the software to use 23 nodes (the number of KZN Acacia
species comprising the data set) for training and then increasing the number of nodes
used until the network could cluster the different species accurately into 23 separate
‘classes’. These 23 classes equate to the 23 species and subtaxa of KZN Acacia
recognized by taxonomists using conventional classification rules.

The SOM cluster map obtained from the first simulation of the whole training data
set is presented in Figure 6-1. The cluster maps obtained from the other 29

simulations were similar. This figure shows that 870 randomly shuffled specimens
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have been assigned to their own unique clusters. The map confirms that the SOM was
able to learn from the input training data and differentiated between the 23 species.
The TreeSOM was able to cluster each of the specimens uniquely, i.e. to a cluster
which contained only specimens from a single Acacia species, and thus there were no
misidentifications.

After training, each of the clusters was manually labelled with the names of the
species that had been mapped to that cluster of nodes. This is also illustrated in Figure
6-1. It is notable that the species that are mapped close to each other in the TreeSOM

have similar characteristics in nature.

A. gerrardii

Figure 6-1 : TreeSOM Model 1

In addition to producing a cluster map, the SOM software produces a component
plane map for each attribute (or morphological character) in the data set that was used
in the development of the map. Each component plane of the SOM consists of the
values of the same component in each model vector. The component maps are
visualized by giving each neuron a colour according to the relative value of the
respective component in that neuron. A blue colour coding depicts low values for an
attribute, while a red colour coding depicts high values. This variation is shown in the
bar chart at the bottom of each component map. By comparing the component maps

with each other the correlations between variables can be seen.



N PRETO

RIA
RIA
RIA

Chapter 6 : Analysis of the SOM Performance

85

A component map for the single attribute TH_STR (i.e. straight thorns) is shown in

Figure 6-2, and for ease of identification each of the clusters is outlined with black

lines.

Thorns More  Some Hooked, Some
Hooked Straight, Some Both

< > < »
l » N

Thorns More
Straight

v

TH_STR

A. luederitzii

Figure 6-2 : Straight Thorn Component Map for 23 Acacia species
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The left side of the map in Figure 6-2 (a) is blue depicting that those clusters
contain patterns with low values for straight thorns (this is to be expected as the blue-
coded clusters correspond to species that have hooked thorns and not straight thorns).
On the right side of Figure 6-2 (a), the red colour coding depicts the clusters which
have high values for straight thorns (again this is to be expected as the red-coded
clusters correspond to species that have straight thorns). The green and paler blue
coding coincides with clusters which have medium values for straight thorns (these
clusters correspond to species which can have both hooked and straight or
‘straightish’ thorns). The middle clusters correspond to the specimens belonging to A.
tortilis, which has straight and hooked thorns, or to A. luederitzii, which has hooked
thorns with some thorns thick and ‘straightish’. The position of these two species on
the map is thus located between the species with low values for straight thorns
(hooked thorn species) and the species with high values for straight thorn (straight
thorn species).

The map displayed in Figure 6-2 (b) is essentially the same as Figure 6-2 (a) but
the species labels have been removed and replaced by labels indicating the thorn types
of the different sections of the map.

In Figure 6-3 the component map for the component map HD (round flower head)
is displayed alongside the component map COLWH (white coloured flowers). Both
maps have the clusters outlined with black lines. In the HD component map of Figure
6-3 (a), the Acacia species which are blue coded are clustered in the upper left corner
and represent the species that have low values for capitate influorescence (HD), i.e.
these species all have spicate influorescence (elongated flower). On the right side and
lower portion of Figure 6-3 (a) the red coded clusters represent the species with high
values for capitate influorescence, i.e. these species all have captitate influorescence.

From the COLWH component map shown in Figure 6-3 (b) it can be seen that the
Acacia species with spicate inflorescences (top left of Figure 6-3 (a)) all have white
flowers: i.e. in the left section of map Figure 6-3 (b) all specimens have high values
(red colour code) for white flowers. Looking at Figure 6-2 (b) in conjunction with
Figure 6-3 (a) and (b) it can be seen that the species with white flowers (top left of
Figure 6-3 (b)) and spicate inflorescences (top left of Figure 6-3 (a)) also all have
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hooked thorns (left side of Figure 6-2 (b)). Similarly, from these figures in can be seen
that all species with capitate inflorescences (right side of Figure 6-3(a)) and yellow
flowers (blue colour code on the right side of Figure 6-3(b)) have straight thorns (right
side of Figure 6-2 (a)).

COLWH

B BN e |
R T

00 01 02 03 04 06 07 08 09 10 /00 01 02 03 04 06 07 08 09 10

(@ (b)
Figure 6-3 : Component Maps of Species with Capitate, White Flowers

From the above observations it is apparent that the SOM is identifying species’
similarities and differences as was hoped and expected.

Figure 6-4 depicts the species which have well-defined leaf cushions (4. gerrardii
and A. robusta), and species which sometimes have cushions or which have poorly
defined cushions. From the figure it can be seen that species with cushions (with the
exception of A. senegal) are species which have straight thorns and are therefore
located on the right side of the map. This map also clearly demonstrates the location
of the species A. gerrardii and A. robusta next to each other. Botanically these
species are recorded as bearing a strong resemblance to each other [180]. Similarly A.
grandicornuta and A. robusta are reported to be very similar species and, according
to Ross [180, p129], a case could be made to place 4. grandicornuta under A.
robusta. However, the former is still a very distinct taxon and Ross suggests it would

be better to keep these species separate. The map in Figure 6-4 shows the closeness of
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these two species to each other and to 4. gerrardii as they are all located near to each

other in the top right centre of the map.

Cushions

A. swazicg

A. senegal A. grandicornuta

A. karroo

Figure 6-4 : Component Map of Species with Leaf Cushions

Another interesting exercise is to examine how the TreeSOM groups the species
when the number of clusters is reduced. This is illustrated in Figure 6-5 which
presents a dendrogram of how the Acacia species of KZN clustered when the number
of clusters of the TreeSOM model was varied from 2 to 23. The height of the
horizontal bars in Figure 6-5 indicates the order in which the species were split.
Alternatively, Table 6-1 lists how TreeSOM splits the species’ groups as the number
of clusters is increased. Colours are used to emphasize the splitting of the species into
subgroups, and shades of similar colours are used to emphasize species which are
known to have close relationships.

Table 6-2 gives a list of some known similarities which are all demonstrated in the
dendrogram in Figure 6-5. From this table it can be seen that many of the
relationships demonstrated in the TreeSOM model are verified from relationships
already established in the literature based on the analysis of morphology. The close
locations of some species to each other are demonstrated in the TreeSOM model in
Figure 6-1. For example, the species 4. gerrardii, A. grandicornuta and A. robusta are

closely related biologically, and TreeSOM verifies this by clustering the species
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together at the top, central right of Figure 6-1. These species remain grouped together
(group 6 on the dendrogram in Figure 6-5) and are only distinguished from each other

in the latter stages of the division of the clusters.

1] Cz1 [=1 [= ﬂ ||7|8|E|

Figure 6-5 : Dendrogram of TreeSOM’s Clustering of 23 KZN Acacia Species

(NB: The groups are numbered for reference purposes.)

Key:
at = A. ataxacantha ka = A. karroo ro = A.robusta
bo = A. borleae ko = A.kosiensis sc = A. schweinfurthii
br = A. brevispica kr = A. kraussiana se = A.senegal
bu = A. burkei lu = A.luederitzii si = A. sieberiana
ca = A. caffra mo = A. montana sw = A. swazica
da = A.davyi na = A. natalitia to = A. tortilis
ge = A. gerrardii ng = A. nigrescens xa = A. xanthophloea
gr = A. grandicornuta nl = Al nilotica

The abbreviations used in Figure 6-5 have been used in place of species names in

some tables and figures in this chapter.
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Table 6-1 : The Order in which TreeSOM Splits the Species

Number Division of Species (as Number of Clusters Increases)
Clu?t:ers <«—— Group A > || < Group B >

1 (at,bo,br,bu,ca,da,ge,gr,ka,ko,kr,lu,mo,na,ng,nl,ro,sc,se,si,sw,to,xa)

5 :

3

4 (bo,ge,gr,lu,ro,sw,to) . | (da,ka,ko,mo,na,nl,si,xa)

5 (bo,sw) : | (ge,gr,lu,ro,to)

6 (bu,ng) . | (at,ca,se)

7 (lu,to) : | (ge,gr,ro)

3 :

9 (se) : | (at,ca)

10 (da,ka,na,xa) ;| (nl,si)

11 (kr) : | (br,sc)

12 (ka) . | (da,na,xa)

13 (ng) : | (bu)

14 (xa) : | (da,na)

15 (bo) | (sw)

16 (lu) o | (to)

17

18 (ge) : | (gr,ro)

19 (at) : | (ca)

20 [(gn) | (ro)

21 (br) 2 | (sc)

22 :

23 (ko) : | (mo)
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Table 6-2 : TreeSOM and Documented Similarities of KZN Acacia Species

Relation/Connection Shown by TreeSOM

Known Morphological Relationship

A. burkei and A. nigrescens are located next
to each other in Figure 6-1 in the top left-
hand corner of the TreeSOM model. In
Figure 6-5 the species are clustered together

as group 1.

Some forms of A. burkei are known to be
hard to distinguish from A. nigrescens [168,

179, 180, 229].

A. senegal, A. ataxacantha and A. caffra are
located next to each other in Figure 6-1 in the
left-hand centre of the TreeSOM model. In
Figure 6-5 the species are clustered together

as group 2.

A. ataxacantha and A. caffra have been
confused in the past [168, 179, 180, 229].

A. ataxacantha and A. senegal are classified
next to each other by Ross, which is
commonly thought to indicate that the author

regarded the species as being close [179].

A.  kraussiana, A. brevispica and A.
schweinfurthii are located next to each other
in Figure 6-1 in the bottom left-hand side of
the TreeSOM model. In Figure 6-5 the

species are clustered together as group 3.

A. brevispica and A. schweinfurthii are
sometimes difficult to differentiate [168, 179,
180, 229].

A.  kraussiana, A. brevispica and A.
schweinfurthii are classified next to each

other by Ross [179].

A. borleae and A. swazica are located next to
each other in Figure 6-1 in the right-hand top
corner of the TreeSOM model. In Figure 6-5

the species are clustered together as group 4.

A. borleae and A. swazica are classified next

to each other by Ross [179].

A. luederitzii and A. tortilis are located next
to each other in Figure 6-1 in the middle
centre of the TreeSOM model. The species

are also shown in Figure 6-5 to be clustered

together as group 5.

A. luederitzii and A. tortilis are classified next

to each other by Ross [179].
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A. gerrardii, A. grandicornuta and A. robusta
are shown located next to each other in
Figure 6-1 in the right, top and centre of the
TreeSOM model. The species are also shown
in Figure 6-5 to be clustered together as

group 6.

Some A. gerrardii and A. robusta bear a
strong resemblance to each other [180, p127].
A. grandicornuta and A. robusta are closely
related [180, p129].

Ross classifies A. gerrardii, A. grandicornuta

and A. robusta next to each other [179].

A. karroo, A. davyi, A. natalitia and A.
xanthophloea are located next to each other
in Figure 6-1 in the right, bottom and centre
of the TreeSOM model. In Figure 6-5 The

species are clustered together as group 7.

A. karroo and A. natalitia were preciously
classified together as part of the A. karroo
complex [42].

A. nilotica and A. sieberiana are shown
located next to each other in Figure 6-1 in the
bottom centre, of the TreeSOM model. In
Figure 6-5 the species are clustered together

as group

These two species are not usually associated

in modern published classificatory systems.

A. kosiensis and A. montana are shown
located next to each other in Figure 6-1 in the
bottom right-hand corner of the TreeSOM
model. In Figure 6-5 the species are

clustered together as group 9.

A. kosiensis and A. montana were previously
classified together as part of the A. karroo

complex [42].

A. karroo, A. borleae and A. swazica are
shown located next to each other in Figure 6-
1 in the right-hand side of the TreeSOM
model. In Figure 6-5 A. borleae and A.

swazica are shown together as group 4.

According to Ross A. karroo is related to the
glandular-podded Acacia which include A.
borleae and A. swazica [180, p94].

(continuation of Table 6-2)

The unified distance matrix (U-matrix) representation of the SOM visualizes the

distances between the neurons. The distance between adjacent neurons is calculated

and presented with different shades of colour between the adjacent nodes. A dark

colour between the neurons corresponds to a large distance and therefore indicates a

gap between the codebook vectors in the input space. A light colour between the
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neurons signifies that the codebook vectors are close to each other in the input space.
Light areas can be thought of as clusters and dark areas as cluster separators.

A U-matrix representation of the whole Acacia data is presented in Figure 6-6 (b)
with the cluster map for the same data in Figure 6-6 (a) for comparison purposes.
Lines have been superimposed on Figure 6-6 (b) to emphasize the wider spacing
between some clusters. To the left of the central superimposed lines the species have
hooked thorns, while to the right all the species have some straight thorns. These
differences are emphasized by the separation between the clusters. Many of the
smaller clusters are also evident in Figure 6-6 (b), for example, 4. nigrescens is
evident in the top left-hand corner and A. kraussiana is evident in the bottom left-

corner.

A. gerrardii

(@) (b)
Figure 6-6 : U-Matrix representation of TreeSOM Model 1

Thus the cluster relations between closely related species are clearly illustrated by

the U-matrix.
6.1.2 Evaluation of the TreeSOM Model Verification Results

Once the 30 whole training sets had each been used to train the network, 30 TreeSOM
models were obtained. Each of these models was used in turn to see if the matching
verification test set could be identified correctly. The recall function (where the
cluster membership is recalled) was used for these experiments and the results were

analysed. The results of these tests are shown in Table 6-3, and as recorded in the
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right-hand column of this table, the identification of the validation sets was

successful.

Table 6-3 : 30-Fold Training and Verification Test Results

Training | Size | Result (No. of Verification | Test % Correctly
Set Unique Clusters) | Test Set Size Identified

1 870 |23 1 50 100

2 890 |23 2 30 100

3-30%* 890 |23 3-30 30 100

(In Table 6-3 in row 4 the results for training and verification testing pairs
3-30 have been condensed to one row because all the results were identical.)

For demonstration purposes one of these tests was repeated using the association
function of the SOM software. In Figure 6-7 (a) a TreeSOM model is shown for
training set 1 after the species labels had been added. In Figure 6-7 (b) the same
model is associated with the verification test set 1. During this association the 50
verification test patterns were presented to TreeSOM to see if the model could
identify the patterns correctly. The map in Figure 6-7 (b) demonstrates that TreeSOM

was able to identify each of the patterns correctly.

A. gerrardii

xalOxa7

(b)
Figure 6-7 : TreeSOM Model 1 with Associated Verification Test Set

Table 6-4 tabulates the results of the association of verification test 1 with training

map 1. Columns 1 and 3 give the label of the pattern to be identified, while columns 2
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and 4 give the result of the identification. Thus, from Table 6-4 it can be seen that all
50 patterns were assigned to the correct locations on the map, i.e. that the TreeSOM

had performed as was intended and had identified the specimen patterns correctly.

Table 6-4 : TreeSOM Associated Verification Data Set Results

Verification Identity of Cluster | Verification Identity of Cluster
Specimen Code Specimen Code
at3 A. ataxacantha mol1, mol7 A. montana

A. borleae nal, nals, A. natalitia
bo34 naz29, na40
br32 A. brevispica ng32, ng9 A. nigrescens
cal2, ca2l, ca9 |4 caffra nl20, ni3, ni3g | 4. nilotica
da2, da22 A. davyi ro9 A. robusta
gel6, ge2, A. gerrardii sc31.sc36.sc9 | A- schweinfurthii
0e30, ge40 ' '
grgg’ grs, A. grandicornuta se2. se7. se9 A. senegal
gr H H
ka2, ka26, A. karroo sil13, si32, si33, I
ka34 5i36, 5140 A. sieberiana
ko16 A. kosiensis t032, to4 A. tortilis
krd A. kraussiana xal0, xal5, xa7 | A. xanthophloea
lu26, lu3s A. luederitzii

6.1.3 Evaluation of the TreeSOM Model Test Results

Each of the 30 TreeSOM models obtained from training the network was used to see
if the model could identify an Acacia test data set accurately. The recall function was
utilized for these tests.

In order to demonstrate the process visually, one map was selected and the whole
test set was associated with the map. The output of that association is presented in
Figure 6-8 (b). For clarity the labels on the maps show the total number of patterns
that were associated with the clusters rather than displaying the individual pattern

code names.
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robu;
. grandicornuta | ,

A. xanthophloea| A. karroo

(b)

Figure 6-8 : TreeSOM Model 1 with Associated Test Set

The TreeSOM model is presented Figure 6-8 (a) for comparison purposes. In
Figure 6-8 (b) the map presented is the one obtained after 920 test specimens were
associated with the selected model. In Figure 6-8 (b) it can be seen that TreeSOM was
able to identify the 919 test specimens correctly, the only exception being that one 4.
robusta has been classified as an A. grandicornuta (second cluster from the top right
corner). This misidentication is not unexpected as these species are very similar, and
suggestions have been made that 4. grandicornuta be placed under A. robusta
because of their morphological similarity [179].

TreeSOM test error results are summarized in Table 6-5.

Table 6-5 : TreeSOM Test Error Results

Map Cluster | ID of No. Correctly Type of [ No.of [ Errorsin
No. X | No. Cluster IDed in Cluster | Error Errors | Cluster
1 2 gr 40 ro as gr 1 1
2-30 0 0
Total Errors 1
Error Rate 0.004%
Correct Rate 99.996%

As can be seen from Table 6-5, the only error that occurred was in map 1.
Consequently, the TreeSOM had an error rate of 0.004% and a correct rate of
99.996% when performing these tests. The test data set had an average of 19.52
attribute values per specimen.

In the next section the test results are analyzed statistically.
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6.1.4 Statistical Analysis of the TreeSOM Model Test Results

Table 6-6 presents the multi-class confusion matrix for the results depicted in Figure
6-8(b). The values on the major diagonal of the confusion matrix quantify the patterns
that were correctly identified by TreeSOM. These are the true positive (TP) counts for
each species. The off-major-diagonal values indicate the number of misidentified
patterns (consisting of the false negative (FN) and the false positive (FP) results). For
example, in the gr row of Table 6-6, the FP count is the sum of all off-major-diagonal
values in row gr, i.e. those patterns which are not actually A. grandicornuta species
but which are predicted as A. grandicornuta species. The FP count for A.
grandicornuta is 1 in this case as an 4. robusta (column ro) has been predicted as A.
grandicornuta. Similarly, the FN count for A. robusta is 1, i.e. the sum of all off-

major-diagonal values in column ro.

Table 6-6 : TreeSOM Multi-Class Confusion Matrix

A CT UAL FP

at |bo|br |bu]cal|dalge|gr [ka]ko]kr |lu [mdna|ng]nl Jro |sc|se]si |sw|to |xa
at |40] O] 0] O] O] O] 0] 0] 0] 0] O] Of O] 0] 0] 0] 0] 0] O] O] O] 0] O 0
bo | 0]40| Oof O] 0] 0] O] O] O] O] O] O] O] O] Of O] o) O] O] O] O] O] O 0
br 0] 0]40f 0] 0] Of 0] O] Of O] 0] O] O] O] O] O] O] 0] O] 0] O] O] O 0
bu | O] O] 0j]40] 0] O] o] 0] 0] 0] o] o] 0] 0] of o] o] 0] O] o] 0] O] O 0
ca | O] O] Of 0jJ40] 0] O] 0] O] 0] O] O] O] O] Of O] o) O] O] O] O] O] O 0
da | O] O] O] O] 0j40] 0] 0] 0] 0] o] of 0] of O] O] OfJ O] O] 0]J O] O] O 0
Plge | 0] O] 0] O] O] 0J40] of of 0] 0] of o] 0] 0] o] O] O] O] O] Of O O 0
Rlar | o[ o] o o] o] o] o]@@] o] o] o] o] o] ol o] ol o[ o] o] o o] o] [
Ejka | 0] 0] 0] o] 0] 0] o] oj40f o] 0] of of o] 0] o] o] o] 0] 0] o] O] O 0
Dljko | 0] 0] 0] 0] 0] O] O] O] 0j40] O] of O] 0] 0] O] Of O] O] O] Of O} O 0
I fkr 0] 0] Of 0] 0] Of O] O] Of 0J40| Oof 0] 0] 0] 0] O] o] 0] 0] O] O] O 0
Cllu 0] 0] O] of 0] 0] O] Oof 0] 0] 0J40( o] 0] 0] O] OfJ O] O] O] Of O] O 0
Tlmo| O] O] 0] O] O] O] O] O] O] O] O] 0J40|] O] 0] o] O] 0] Of O] O] O] O 0
Elna | 0] 0] 0] o] o] 0] o] o] of o] O] of o]40] o] o] o] o] 0] 0] o] o] O 0
DIng | 0] 0] 0] O] O] O] 0] O] Oof O] O] Of O] 0J40] o] of 0] O] O] Of O O 0
nl 0] 0] Of 0] 0] Of O] O] Of O] O] Of O] O] 0]J40] 0] o] 0] 0] 0] O] O 0
ro | 0] 0] 0] O] 0] 0] O] of Of 0] O] Oof Of 0] 0] 0OJ39] 0] 0] O] Of O] O 0
sc | 0] 0] 0] O] 0] O] O] O] O] O] O] O] O] O] O] O] 0oj40|f o] o] o] 0] O 0
se | 0] 0] 0] O] 0] O] 0] 0] 0] 0] O] Of O] O] O] O] 0] 0j40] 0] 0] 0] O 0
Si 0] 0] O] of 0] 0] O] of o] 0] O] Oof O] O] O] O] O] O] OJ40| of 0] © 0
sw| O] O] 0] O] 0] O] 0] O] O] O] O] O] O] O] O] O] O] o] O] 0J40f O] O 0
to | 0] O] 0] O] O] Of 0] O] O] O] O] O] O] O] O] O] O] Of O] O] OJ40| O 0
xa | 0] 0] o] o] o] o] of o] o] of o] o] 0] O] O] O] O] o] 0] O] O] oj40 0

EN | O| O| O| O| 0| O| O| O| O| 0| O| O| O| O| 0| O| 1| O| O| 0| O| O| 0]

The results in Table 6-6 show that the TreeSOM is able to identify KZN Acacia
species accurately when presented with a wide range and diversity of attributes. The

one error — the prediction of an A. robusta as an A. grandicornuta - was the only
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misidentification made in any of the 30 TreeSOM models (it also only occurred with
one model: the other 29 models were able to identify all the patterns correctly).

One of the ways to evaluate the results of classifiers is to calculate true positive,
false positive and other related rates (discussed in Chapter 3). Choosing multiple class
performance measures can become quite complicated, but according to Hand and Till
[90] one way to evaluate performance is to derive pair-wise confusion matrices. This
method yields an overall measure of how well each class is separated from all of the
other classes. In this thesis this technique was followed.

Figure 6.9 shows how the pair-wise confusion matrices were derived.

Actual Number Actual Number of

of Species X Other 22 Species

\4 \4

Predicted Number of Species X —¥ TP FP
Predicted Number of Other 22 ——>] FN ™
s ]
POS NEG

Figure 6-9 : Binary Class Confusion Matrix Template for each KZN Acacia Species

where TP, FP, FN and TN represent respective counts for true positive, false
positive, false negative and true negative results,
POS is the total sum of actual positive patterns (TP + FN), and

NEG is the total sum of actual negative patterns (FP + TN).

With reference to Figure 6-9, the columns of the matrix display the actual/known
results of the tests. In column 1 of the matrix the numbers of actual true positives and
false negatives for species X are shown and in column 2 the numbers of actual false
positives and true negatives for all the other 22 KZN Acacia species (i.e. other than
the one used in column 1 and depicted as Species X) are shown. The rows of the

matrix display the predicted results of the tests. In row 1 the number of predicted true
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positives and false positives for species X is shown and in row 2 the number of
predicted false negatives and true negatives is shown for all the other 22 KZN Acacia
species (other than the one used in row 1). A binary confusion matrix was produced

for each of the 23 KZN species.

Using the values from the binary class confusion matrices for the 30 TreeSOM test

accuracy.

Table 6-7 : Fraction Metrics for TreeSOM Species

Species

TP

FP

Acc

Prec

Sp

at

bo

br

bu

ca

da

ge

(= [} [l [l [l [l fe]

—_f= === =]

—_f—= === =]

—_f= = === |-

gr

3.79E-05

0.999964

0.999187

0.999962

ka

ko

kr

lu

mo

na

ng

nl

—_—l—m == == ]=]=]=]=]=]=]|=|=]—= ]~

—_—f=m === ===

ro

0.999167

0.999964

SC

S€

Si

SW

to

Xa

—_f= === |

(=) (=) (=) [l [} [l [l [l [l [l ol [a) (el el fe

—_f= === |

—_—f— == === ]=]=]= === ]|—=]—

—_—l— == === ]=]=]|= === ]|—=]—

Average

0.999964

1.65E-06

0.999997

0.999965

0.999998

results the true positive and false positive rates were calculated for each species and
are presented in Table 6-7. Averaged pair-wise comparisons of the species (classes)
[90] have been used to calculate the fractions in this table. These results show that

TreeSOM was able to separate each of the species with a very high degree of
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Key for Table 6-7
Assessment o
Abbreviation Formula
Measure
tp = Sn = Sensitivity
TP fraction tp
tp=TP / (FN+TP) (Eq. 3.3)
FP fraction fp fp =FP/(FP + TN) Eq. 6.1
o Prec = PPV (Eq-3.2)
Precision Prec
Prec=TP /(TP + FP)
Accuracy Acc Acc=(TN+TP)/ TN + TP + FP + FN (Eq. 3.1)
Specificity Sp Sp=TN/ (TN + FP) (Eq. 3.4)

Table 6-7 shows that except for the misidentification of A. robusta as A.

grandicornuta the TreeSOM was able to identify all the other KZN Acacia species

correctly. This misidentification, as previously noted, occurred on only one of the 30

TreeSOM models and was restricted to one specimen of 4. robusta being identified as

A. grandicornuta. In addition these species are biologically closely related so the

misidentification is not unexpected. The results displayed in Table 6-7 are

exceptionally good and demonstrate clearly that TreeSOM is well able to identify

Acacia species.

The results of Table 6-7 were used to plot a ROC space diagram of the TP fractions

against the FP fractions for each species. Figure 6-10 displays this graph.

TP Fraction

1

0.9 4

0.8

0.7 4

0.6

0.5
0.4 4

0.3

0.2 4

0.1
0

TreeSOM Test ROC Space

0 0.10203040506070809 1
FP Fraction

Figure 6-10 : TreeSOM Test ROC Space
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6.2 The Habit and ThornSOM Models

The habit and thorn data set is a subset of the whole data set and was created by
deleting/excluding all attributes other than the habit and thorn attributes.
Consequently, only the attributes pertaining to habit and thorn characteristics of the
KZN Acacia species form this data set: no flower, seed, pod or leaf characteristics are
included. The training, verification, testing and analysis of results for the Habit and
ThornSOM models are discussed in the following subsections. The habit and thorn

data set will be referred to as the thorn data set in this chapter for the sake of brevity.

6.2.1 Evaluation of the Habit and ThornSOM Models

The patterns in the habit and thorn data set were pre-processed in the same way as
was previously done for the whole data set. This resulted in 30 thorn training and

verification pairs. The division of the thorn data set is shown in Table 6-8.

Table 6-8 : Makeup of Thorn Data Training and Cross-Validation Sets

Thorn Training | Size of Maximum No Size of
Set Number Training Set of Attributes Verification Set
1 870 43 50
2-30 890 (each set) 43 30 (each set)

The 30 training sets were presented in turn to the SOM software using 103
neurons, and 30 ThornSOM maps were obtained. The ThornSOM cluster map
obtained from one of these simulations (in this case the thorn training set 6) is
presented in Figure 6-11. For convenience, each of the clusters in this figure has been
labelled manually with the abbreviated name of the species that has been mapped to
that cluster of nodes. The SOMine association function was used to perform the
labelling. It can be seen that not all the 890 randomly shuffled patterns have been
assigned to their own unique clusters. The map shows that the ThornSOM was able to
learn from the input training data the differences between 21 of the 23 Acacia species,
and it was able to cluster these 21 species uniquely in each of the 30 maps, i.e. in each

of the 30 maps 21 clusters contained patterns belonging to one species only.
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In the bottom right-side of Figure 6-11 it can be seen that the model did not cluster
A. robusta and A. grandicornuta species separately (see the large cluster, right edge,
second from bottom). These results are consistent with the close relationship of these

species which has been documented in botanical literature [168, 179, 180].

rox 38 gr x 4(

Figure 6-11 : ThornSOM Model 6

Additionally, in the top left-hand side of Figure 6-11 the model has classified 18 of
the 4. brevispica patterns together with 37 of the A. schweinfurthii patterns. The other
19 A. brevispica patterns have formed their own unique cluster (in the middle of the
map, slightly left of centre).

Table 6-9 lists details of errors obtained in the 30 thorn training maps. Only the
results of the training maps that had errors are presented. From this table it can be
seen that the ThornSOM maps 6 and 11 were unable to separate 4. robusta and A.
grandicornuta. Similarly, maps 10, 21 and 27 classified some A. grandicornuta
patterns as A. robusta. In maps 24 and 26 some A. robusta patterns have been
classified as A. grandicornuta. As mentioned earlier in this chapter, the botanical
literature and the whole data set map results already show that these species are very
close. The inability of the ThornSOM to separate 4. robusta from A. grandicornuta,
though regrettable, is not surprising in view of the fact that the literature remarks on
the similarity between these species. However, these results do show that the range
and diversity of thorn attributes in this training data set is sometimes insufficient for

the ThornSOM to be able to separate the A. robusta species from the A. grandicornuta
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species. It must also be noted that only two of the 30 ThornSOM maps were unable to

separate A. robusta species from the A. grandicornuta species.

Table 6-9 : Habit and ThornSOM Errors

Thorn | No. of ID of Cluster | Type of | No. of No. of
Map X | Clusters Cluster | No. Error Errorsin Errors in
in Map X Cluster Map X
6 22 gr 2 ro asgr 38
sC 4 br as sc 18 56
10 40 ro 30 grasro 4 4
11 22 sC 11 br as sc 17
10 gr as ro 38 55
21 43 ro 29 grasro 4 4
24 43 gr 14 ro asgr 4
gr 43 ro asgr 7 11
26 44 gr 19 ro asgr 10 10
27 40 ro 10 grasro 4
ro 26 grasro 2 6
Total errors 146
Error Rate 0.55%
Correct Rate 99.45%

The ThornSOM maps 6 and 11 have also misclassified some A. brevispica as A.
schweinfurthii. The closeness of these two species has already been discussed in Table
6-2, and again this overlap between the species is not surprising. In fact Ross [180, p
43] reports about these species that A. brevispica subsp. dregeana is very variable and
in southern Africa it bridges many of the discontinuities with A. schweinfurthii that
exist further north in Africa. Ross then states “Consequently difficulty is sometimes
experienced in southern Africa in distinguishing specimens of A. brevispica subsp.
dregeana from A. schweinfurthii”

The results in Table 6-9 show that with the thorn training set (which used, at most,

43 attributes for training) could not always differentiate the 23 KZN Acacia on thorn
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and habit characteristics alone. The number of attributes coupled with their similarity
in some species was insufficient to classify correctly or differentiate between the
species, even at the training level.

However, many of the relationships already demonstrated in the TreeSOM can also
be seen in the thorn model. The component maps in Figure 6-12 depict some of these
relationships.

The BK_COL plane (bark colour, top left map) in Figure 6-12 the relationship
between A. xanthophloea, A. sieberiana and A. davyi is clearly shown (blue colour,
top centre). These species all have pale or yellowish bark while most of the other
species have darker bark (with the exception of 4. ataxacantha).

In the BK_TX plane (bark texture, top centre map) the similar bark texture of
several species can be seen. In the top right corner of the map: 4. xanthophloea, A.
natalitia, A. kosiensis, and A. swazica (blue) can have flaking bark; 4. xanthophloea,
A. natalitia and A. kosiensis (dark blue) also can have smooth bark; A. davyi, A.
montana and A. kosiensis (bluish) can have fissured bark although A. davyi is usually
corky. The species in the bottom half of the map (4. caffra, A. nigrescens, A. burkei,
A. luederitzii, A. tortilis, A. gerrardii, A. robusta and A. grandicornuta) all have rough
and fissured bark and are coloured red, yellow or orange.

Still with reference to Figure 6-12, the value map BRLET_HR (branchlet hair, top
right map) represents the species which have hairy branchlets. Of particular note is
that the young branchlets of 4. gerrardii and A. luederitzii (bottom centre) are very
hairy (orange colour). Also, A. xanthophloea, A. davyi, A. natalitia A. kosiensis, A.
montana, A. swazica, A. borleae, A. grandicornuta and A. robusta are glabrous, or

glabrous-to-pubescent, and are coloured green or blue.
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BRLET_HR

0.05 035 065 0.95 |0.01 029 057 0.85

BRLET_GLD TEND
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Mixed TH_HK PRK3

00 02 05 08 1.0 1010 0.37 0.63 0.90
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Figure 6-12 : Component Maps for Some Habit and Thorn Attributes

In the map BRLET_GLD (branchlet gland plane, centre row, left map) the
branchlet gland attributes are shown: 4. brevispica and A. schweinfurthii (red/orange
colour, top left) have some glands, as does 4. swazica (pale orange colour, right
centre), while 4. borleae has many glands (dark red colour, right, centre). The TEND
map (tendrils, centre row, middle map) shows that the only KZN species that has

tendrils 1s 4. kraussiana (red colour, top left).
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The SC_HK map (scattered hooks, centre row, right map) shows that A.
kraussiana, A. ataxacantha, A. schweinfurthii and A. brevispica (top, left corner) are
the species with thorns scattered between the nodes.

The component plane Mixed (mixed thorns, bottom left map) shows the clear
differentiation of A. luederitzii and A. tortilis (bottom centre) from the other species.
These two species each have some hooked thorns and some straight/straightish thorns.

The map labelled TH_HK (thorn hooked, bottom centre map) shows on the left the
species that have at least some hooked thorns (4. kraussiana, A. brevispica, A.
schweinfurthii, A. ataxacantha, A. senegal, A. caffra, A. burkei, A. tortilis, A.
nigrescens and A. luederitzii), and on the right those with only straight thorns (4.
sieberiana, A. xanthophloea, A. natalitia, A. kosiensis, A. montana, A. davyi, A.
swazica, A. borleae, A. grandicornuta, A. robusta, A. karroo, A. nilotica and A.
gerrardii).

The last component map presented in Figure 6-12, PRKS, (prickles in threes,
bottom right map) shows that 4. senegal (middle, left) is the only KZN species that

has thorns arranged in groups of three (rather than in pairs or singularly).

A U-matrix representation of the thorn Acacia data set is presented in Figure 6-13

(b) with the cluster map for the same data in Figure 6-13 (a) for comparison purposes.

(a) (b)
Figure 6-13 : U-Matrix Representation of Habit and ThornSOM Model

The closeness between the species with hooked thorns, the species with straight
thorns and the species with some hooked and some straight or ‘straightish’ thorns is

clearly demonstrated in Figure 6-13. The species with hooked thorns are clustered on
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the left-most sides of the lines superimposed on the figures; species with hooked and
straight/straightish thorns are clustered between the lower central lines; and the
species with straight thorns (only) are clustered on the right-most sides of the lines.
Thus it can be seen that the ThornSOM models, despite being composed from less
data than were used for the TreeSOMs, are still capable of recognizing patterns and

relationships within the data.

6.2.2 Evaluation of the Habit and ThornSOM Model Verification Results

As was previously done for the TreeSOM models, each of the 30 ThornSOM models
obtained from the thorn subset training process was used in turn to see if the
corresponding verification test set could be identified correctly.

For demonstration purposes, the thorn verification test set 6 was mapped onto
ThornSOM model 6 using the association function of the SOM software. In Figure 6-
14 (a) the ThornSOM model 6 is shown after the species labels were added. The
associated verification map is displayed in Figure 6-14 (b) together with the labels of

the associated verification test patterns.

t010 to34 to30

ro x 38 gr x 4(

ge35, ge8

(a) (b)
Figure 6-14 : ThornSOM Model 6 with Associated Verification Set

The recall function was used with each of the 30 trained maps to obtain results for
analysis of the verification test experiments. The results of the clusters which had
misidentification errors are shown in Table 6.10. ThornSOM 6 had two errors in
cluster two, where two A. robusta patterns were identified as A. grandicornuta

species. In map 24 cluster 14, another A. robusta pattern was identified as A.
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grandicornuta species. Map 11 had two types of errors: in cluster 10 one A.

grandicornuta pattern was identified as A. robusta, and in cluster 11 two A. brevispica

patterns were identified as 4. schweinfurthii.

Table 6-10 : 30-Fold Thorn Verification Test Error Results

Thorn | Size of No. of Verification | Test | Cluster | Type of No. of
Map X | Training | Unique Test Set Set | No. Error Errorsin
Set Clusters No. Size Cluster
6 890 20 (out of 22) 6 30 2 roasgr 2
11 890 20 (out of 22) 11 30 10 gr as ro 1
890 20 (out of 22) 11 br as sc 2
24 890 41 (out of 43) 24 30 14 ro as gr 1
Total Errors 6
Error Rate 0.65%
Correct Rate 99.35%

The results in Table 6-10 show that there were six errors for the 30 ThornSOMs

verification tests. Consequently, the average error rate is 0.65%.

6.2.3 Evaluation of the Habit and ThornSOM Model Test Results

Each of the 30 ThornSOM models obtained from training the network was used to see
if the model could identify an Acacia thorn test set accurately. This test set was
composed of 920 unseen patterns and consisted of up to 43 possible attributes.
However, the test set differed from the training data set in that many more attribute
values were missing. Whereas the training data set was as complete as possible, the
test set was sparsely populated. As mentioned before, this is the normal situation in
nature where only a few attributes are present or are observed at one time. In the habit
and thorn data set the average number of attributes per test specimen was 8.61.

The recall function was utilized for performing these tests. In addition, in order to
demonstrate the results visually, a trained map was selected and the test set was
associated with the map and the output is presented in Figure 6-15 (b). For clarity the
labels on the maps show the number of patterns that were associated with the cluster
rather than the individual pattern code names. The ThornSOM model is presented in

Figure 6-15 (a) for comparison purposes.
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The map presented in Figure 6-15 (b) is the one obtained after 920 test specimens
were associated with the model in Figure 6-15 (a). It can be seen that ThornSOM
correctly identified most of the 920 thorn test patterns. Although the trained
ThornSOM was unable to separate 4. robusta and A. grandicornuta species, 39 of the
A. grandicornuta and 37 of the 4. robusta test patterns were mapped correctly to the
same cluster (see large cluster on right edge, second from bottom of Figure 6-15 (b)).
An A. karroo pattern was also grouped in this cluster and so was incorrectly identified
as A. grandicornutal A. robusta species. Most of the other errors found are for species
that are biologically closely related, and these have already been discussed. However,

there are a few misidentifications for which no apparent explanations could be found.

to(40)

ro x 38 gr x 4(

lu(40) ge(40) nl(2)

€Y (b)

Figure 6-15 : ThornSOM Model 6 with Associated Test Set

The errors for each of the 30 ThornSOM models are tabulated in Table 6-11. The
average error rate for the ThornSOM tests was 3.44%. Thus the ThornSOM had an
average correct rate of over 96% even though the test data had many missing values.
The maximum number of thorn attributes that could have been present was 43 but in
the thorn test set there was an average of 8.61 attribute values present per specimen.
Despite the high number of missing values the correct identification rate of 96.56% is

statistically significant.
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Table 6-11 : Habit and ThornSOM Test Error Results

Trained | Total | Total Trained | Total Errors | Total
Map X | Errors | Correct | Map X Correct
1 35 885 16 32 888

2 25 895 17 33 887

3 32 888 18 30 890

4 31 889 19 28 892

5 28 892 20 29 891

6 33 887 21 29 891

7 33 887 22 29 891

8 31 889 23 32 888

9 23 897 24 41 879

10 33 887 25 28 892

11 70 850 26 34 886

12 27 893 27 33 887

13 29 891 28 24 896

14 31 889 29 32 888

15 28 892 30 27 893
Total Error 950
Error Rate 3.44%
Correct Rate 96.56%

For clarity, Table 6-12 tabulates the results of the ThornSOM map 6 test. Only the
clusters which had errors are shown. Besides showing other errors, the table shows
that one A4. natalitia has been identified as an A. schweinfurthii. This is shown in
cluster 4 of Table 6-12 and can also be seen in Figure 6-15 (b) (large cluster on the
top edge, second from the left). As A. natalitia has straight thorns and A.
schweinfurthii has hooked thorns this is an obvious error.

The misidentification of 4. kosiensis, A. xanthophloea and A. grandicornuta as A.
tortilis (cluster 1 in Table 6-12 and the cluster slightly below centre in Figure 6-15
(b)) also does not have an apparent biological explanation. The A. tortilis species,
which has some hooked thorns and straight thorns, does differ from the other species
which have straight thorns only. Similarly the misidentification of A. caffra as A.
kraussiana does not have an obvious explanation although both have hooked thorns

(see cluster 17 in Table 6-12 and in Figure 6-15 (b) top left corner).
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Table 6-12 : ThornSOM Model 6 Test Error Results
Cluster No. | ID of No. Correctly Type of No. of Errorsin
Cluster IDed in Cluster | Error Errors | Cluster
1 to 40 grasto 1
ko as to 1
Xa as to 1 3
2 gr&ro 39 + 37 ka as gr/ro 1 1
da 37 bo as da 1 2
ro as da 1
4 SC 39 at as sc 4
na as sc 1 5
bu 40 ng as bu 3 3
br 38 sc as br 1
at as br 1 2
7 Si 40 na as si 1
da as si 2
nl as si 1
bo as si 1
ro as Si 1 6
8 ge 40 nl as ge 2 2
10 se 40 caas se 1 1
11 xa 39 da as xa 1
ro as xa 1
ko as xa 1 3
15 at 34 br as at 1 1
17 kr 40 at as kr 1
br as kr 1
caas kr 1 3
22 mo 40 na as mo 1 1
Total Errors 33
Error Rate 3.59%
Correct Rate 96.41%

The ThornSOM test results are analyzed further in the next subsection.

6.2.4 Statistical Analysis of the Habit and ThornSOM Model Test Results

The multi-class confusion matrix for the results obtained in Figure 6-15(b) is
presented in Table 6-13. As already mentioned, in the matrix the values on the major-
diagonal of the matrix represent the patterns that were correctly identified. The sum of
the off-major-diagonal values in each row indicates the FP for the predicted species.
Similarly, the sum of the off-major-diagonal values in each column indicates the

FN for the actual species in that column.
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Table 6-13: Multi-Class Confusion Matrix for ThornSOM Map 6 Test

A C T UA L
at bo br bu ca da ge gr ka ko kr lu mona ng nl ro sc se si swto xa
at 134 ol o o 0 0 0 0 0 0 0O O O OO OO OUOU OO O
bo 088 0 0 0 0 00O OO OOOUOU OU O OOTOTOU OO0 Q
br Jll o8 0o o 0 0 0 0 0 0 0 0 0 0 o Ol o 0o 0 0 O
bu 0 0 0400 0 0 0 0 0 0 0 0 o Offl o 0 0 0 0 0 0 O
ca 0 0 0 Of8 0 0 0 00 OO OOOUOU O OO OO OUOUOO
da OfJl o o o8 o0 0 0 0 0 0 0 0 0 O 0 000 O0Q
Plse 0 0 0 0 0o o8 o 0 0 0 0 0 0 O 0 0000 OO
Rfgr 0 0 0 0 0o o o3 o0 0 0 0 0 0 O 0 000 O0Q
EfJka 0 0 0 0 0 0 0 0[8/ 0 00 00 0O 0OOOUOTU OO OO0 O
DfJko 0 0 0 0 0 0 o o of88 0 0 0 0 0 0 O O O O O O O
I Jxr [ o of@ o o o o 048 0 0 0 0 0 0 0 0 0 0 0 O
cfu 00 00 00o0oO0wOTUOGOM o0o0O0OO0COGOOO0TO0Q
Tjno 0 0 0 000000 o0wO 0O OF@oo0O0O0TO0TO0TO 0T OO0
Efpa 0 0 0 000 00O 0OOOU OOS8 00O0O0OUO0OO0TO0O0 O
Dfhg 0 0 0 0 00 00O OO OOTU OGO O@B]OOOOOTO0O0 O
nl 00 0O0OO0OO OO OO OGO OO OO OO OO OBIOOOOO0O0Q
ro 00 00 O0O0OUOUOUOOO0OUOTOTOM 0o00o00O0TO0OQ
scJl o o 0 0o 0 0 0 0 0 o o Offjll o o of8 0 0 0 0 O
se 0 0 0 O 0 00 0O0OUOUO OUOOO 0O OM8 00 00
si Ol o o © 0 oo o 0o O o o o4 o o0 o
sw 0 0 0 00O OO OOOU OGO OO OGO OUOU OO0 O 08 00
to 0 0 0 0 0o o ofjl o 0 00O0O0OO0OO OO OO0 00
xa_0 0 0 o ofl o 0 o0 0 000 o of oo 0 0 039
FN |6 2 2 002 3 0,14 1 2 0 0 0.3 3 340 1 0 0 0 0 1

In the confusion matrix it can be seen that all the A. robusta were misidentified
(37 were identified as A. grandicornuta, one as A. davyi, one as A. sieberiana and one
as A. xanthophloea). The identification of 37 4. robusta as A. grandicornuta meant
that the ThornSOM model was unable to separate the test patterns of these two
species. Other misidentifications which occurred can be seen by inspecting Table 6-
13. In the table the columns represent the actual identity of the pattern, and the rows
represent what the pattern was predicted to be.

Using the values from the confusion matrices for the 30 ThornSOM test results the
true positive, false positive, accuracy, precision and specificity rates were calculated
and are presented in Table 6-14. Averaged pair-wise comparisons of the classes [90]
from the 30 ThornSOM test simulations have been used to calculate the fractions in
this table. From the rates shown in Table 6-14 it can be seen that the average FP rate
for ThornSOM is 0.16% and the TP rate is 96.42%. This demonstrates that the models

were highly successful in identifying Acacia specimens using only thorn data.
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Table 6-14 : Average ThornSOM Rate Fractions
Species TP FP Acc Prec Sp
at 0.900833 0.000492 0.995217 0.988807 0.999508
bo 0.946667 0.000152 0.997536 0.996624 0.999848
br 0.982500 0.004545 0.994891 0.910202 0.995455
bu 0.958333 0.002424 0.995870 0.949884 0.997576
ca 0.973333 0.000152 0.998696 0.996706 0.999848
da 0.921667 0.000303 0.996304 0.993095 0.999697
ge 0.999167 0.002879 0.997210 0.941356 0.997121
gr 0.873333 0.002803 0.991812 0.922481 0.997197
ka 0.974167 0.000833 0.998080 0.981977 0.999167
ko 0.967500 0.000000 0.998587 1.000000 1.000000
kr 0.993333 0.000417 0.999312 0.991130 0.999583
lu 1.000000 0.000492 0.999529 0.989431 0.999508
mo 0.953333 0.000152 0.997826 0.996623 0.999848
na 0.996667 0.003333 0.996667 0.931915 0.996667
ng 0.961667 0.002235 0.996196 0.952756 0.997765
nl 0.942500 0.001477 0.996087 0.967039 0.998523
ro 0.895000 0.004053 0.991558 0.896325 0.995947
SC 0.958333 0.001326 0.996920 0.972358 0.998674
Se 1.000000 0.000265 0.999746 0.994309 0.999735
Si 0.991667 0.002803 0.996957 0.942429 0.997197
SW 1.000000 0.001250 0.998804 0.973738 0.998750
0] 1.000000 0.000833 0.999203 0.982343 0.999167
Xa 0.987500 0.004167 0.995471 0.915953 0.995833
Average 0.964239 | 0.001625 | 0.996890 | 0.964673 | 0.998375

Using the FP and TP rates from Table 6-14, a graph showing the ThornSOM test
ROC space has been drawn up and is presented in Figure 6-16. This ROC space graph
shows that the ThornSOM performed much better than the average guess, i.e. all
results are above the diagonal line. The (FP, TP) points for 4. grandicornuta
(0.002803, 0.873333) and A. robusta (0.004053, 0.895000) are the furthest from the
perfectly-performing-classifier point (which is (0, 1)). The (FP, TP) points for A.
ataxacantha (0.000492, 0.900833) and A. davyi (0.000303, 0.921667) are the next
furthest points from the ideal points. Plotting FP and TP values gives a good
indication of the true ability of the ThornSOM to identify thorn data. Again the results
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show that ThornSOM was able to identify thorn data successfully as it performed well

above the diagonal line superimposed on Figure 16-16 for all the species.

ThornSOM Test ROC Space
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Figure 6-16 : ThornSOM Test ROC Space

In the next section the FlowerSOM models are discussed.

6.3 The FlowerSOM Models

The flower data set is a subset of the whole data and was created by deleting all
attributes other than the flower attributes. The training, verification and testing
procedures performed are the same as those already carried out on the whole, and on
the habit and thorn data sets. These procedures will therefore only be discussed briefly

for the FlowerSOM models.

6.3.1 Evaluation of the FlowerSOM Models
The patterns in the flower data set were pre-processed in the same way as was
previously done for the whole data set. This resulted in 30 flower training and

verification pairs. The division of the flower data set is shown in Table 6-15.
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Table 6-15 : Makeup of Flower Data Cross-Validation Sets

Flower Training | Size of Maximum No Size of
Set Number Training Set | of Attributes Verification Set
1 870 19 50
2-30 890 (each set) 19 30 (each set)

After training SOMs using different numbers of neurons, it was found that the SOM
produced the best results with 93 neurons. Map 2, which was formed with 93 neurons,

is displayed in Figure 6-17.

Figure 6-17 : FlowerSOM Model 2

The FlowerSOM training maps show that the training of the flower data set on its
own was not as successful as the TreeSOM data and ThornSOM data. The total
number of attributes possible was at most 19. This number of attributes appears to be
too small to separate the flower data into unique Acacia clusters with no errors or just
a few errors.

There was a great variation in the number of clusters formed by the flower maps.
In some of the maps, 49 clusters were formed, some of which were very small and
had very few specimens mapped to them. In each of two maps only four clusters were
formed, while other maps had 21 clusters or more. This appears to suggest that the
FlowerSOM models had not stabilized.

For clarity, Table 6-16 tabulates the error results of the FlowerSOM. Only statistics

of the maps which had errors are displayed.
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Table 6-16 : Misidentification Errors in FlowerSom
Flower | No. of ID of Cluster | No.in Type of No. of No. of
Map X | Clusters | Cluster No. Cluster Error Errors Errors
in in in
Map X Cluster | Map X
22 na 15 76 daas na 38 38
49 da 12 50 na as da 10 10
22 da 6 79 na as da 39
ge 10 50 si as ge 22
si 13 27 ge as si 9 70
4 50 na 21 51 daas na 12 12
5 20 ge 1 77 si as ge 37
to 2 46 lu as to 8
na 3 76 daas na 36
nl 19 79 bo as nl 39 120
22 da 10 77 na as da 38 38
49 na 9 49 daas na 12 12
21 si 1 76 ge as Si 38
na 10 76 da as na 37 75
9 49 na 10 51 da as na 12 12
10 22 to 4 49 luasto 10
na 8 80 da as na 40 50
11 21 si 2 76 ge as si 38
na 15 80 da as na 40 78
12 21 ge 1 79 si as ge 39
na 10 78 da as na 39 78
13 21 si 2 76 ge as si 36
na 11 78 da as na 39 75
14 22 na 8 76 daas na 38 38
15 21 si 1 76 ge as Si 38
to 3 56 lu as to 17
na 14 80 da as na 40 95
16 21 si 1 78 ge as Si 39
to 6 41 lu as to 5
da 12 79 na as da 39 83
17 21 si 1 77 ge as Si 37
da 9 78 na as da 38 75
20 22 na 9 79 daas na 39 39
21 21 ge 1 78 si as ge 38
lu 3 49 toaslu 10
na 11 79 daas na 39
Xa 15 52 nl as xa 14 101
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22 4 si 1 230 ge, gr, lu, 39, 37,
ro & to 38,
ko 2 as Si 37,39
345 bo, da, ka, 39, 38,
mo, na, nl 39, 38,
SwW & xa 36, 38,
se 3 as ko 38, 39
196 at, bu, ca,
sc 4 & ng 40, 38,
as se 40, 38
119 br & kr 39, 40
as sc 730
23 21 ge 3 79 si as ge 39
da 9 na as da 37 76
24 21 si 3 76 ge as Si 37
to 5 41 lu as to 1
na 8 80 da as na 40 78
25 48 na 12 50 daasna 12 12
26 4 gr 1 232 ge, lu, ro, si | 40, 37,
& to 39, 38,
za 2 asgr 38
348 bo, da, ka, 39, 39,
ko, mo, 38, 39,
se 3 na, nl &sw | 39, 39,
as Xa 38, 38
sC 4 191 at, bu, ca, 40, 37,
& ng 38, 36,
as se
119 br & kr 39, 40
as SC 731
27 22 da 8 79 na as da 39 39
Total Errors 2765
Error Rate 17.26%
Correct Rate 82.74%

(Table 6-16 continued)

6.3.2 Evaluation of the FlowerSOM Model Verification Results

The verification sets presented to the trained flower maps showed few errors other
than those to be expected considering the training errors. The trained FlowerSOM
using data set 2 is shown in Figure 6-18 (a). The results of presenting the verification
set to this map are displayed in Figure 6-18 (b). From this map it can be seen that two
A. davyi patterns (da20 and da30) were mapped to the A. natalitia cluster (second
cluster from the top, right side). These were the only errors that occurred on this map,
although it is notable that the 4. natalitia cluster had ten A. davyi patterns mapped to

it during the training stage.
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Figure 6-18 : FlowerSOM Model 2 with AssociatedVerification Test Set

6.3.3 Evaluation of the FlowerSOM Model Test Results

Although there were originally 920 test patterns some of them did not have any flower
data in them. The flower test data set was randomly shuffled and presented to each of
the 30 FlowerSOM models in turn. SOM ignored the empty patterns entirely, hence
there were effectively only 534 testing flower specimens in total.

In order to demonstrate the results visually, a trained map was selected (in this case
map 2) and the test set was associated with this map. The output of the association is

presented in Figure 6-19 (b).

(@ (b)
Figure 6-19 : FlowerSOM Model 2 with Associated Test Set
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Figure 6-19 (b) shows that there were 69 misidentifications. For clarity the labels
on the maps show the number of patterns that were associated with the cluster rather
than the individual pattern code names. The FlowerSOM model is presented in Figure
6-19 (a) for comparison purposes. The map presented in Figure 6-19 (b) is the one
obtained after the flower test specimens were associated with the map in Figure 6-19
(a). Again, considering the problems already existing with the trained map, the
FlowerSOM was able to identify some patterns accurately. However, there were
numerous misidentifications which are evident from studying Figure 6-19 (b).

The overall results obtained from presenting the test patterns to the 30 FlowerSOM

models are summarized in Table 6-17.

Table 6-17 : FlowerSOM Test Results

Trained | Total Total Trained | Total Total
Map X | Errors Correct Map X Errors | Correct
1 104 430 16 93 441

2 69 465 17 106 428

3 103 431 18 80 454

4 82 452 19 75 459

5 135 399 20 97 437

6 87 447 21 111 423

7 68 466 22 449 85

8 116 418 23 106 428

9 76 458 24 109 425

10 88 446 25 75 459

11 112 422 26 451 83

12 109 425 27 79 455

13 105 429 28 80 454

14 99 435 29 78 456

15 110 424 30 61 473
Total Error 3513
Error Rate 21.93%
Correct Rate 78.07%

Table 6-18 breaks down the errors that occurred when FlowerSOM model 2 was
presented with the test data set. Many of the misidentifications do not appear to make
sense. For example, in cluster 6 A. kraussiana and A. schweinfurthii have both been
identified as A. borleae. Also, in cluster 17 4. grandicornuta has been identified as 4.

ataxacantha. However, results like this might have some basis which could be
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revealed if further studies were performed using, for instance, data for Acacia from
the rest of southern Africa, or if studies were performed to look at the ancestral

relationships between the Acacia species.

Table 6-18 : FlowerSOM Model 2 Test Results

Cluster No. ID of No. of Tests | Type of No. of Errorsin
Cluster per Cluster | Error Errors | Cluster
to 3 xa as to 1 1
6 bo 11 da as bo 2
kr as bo 2
sc as bo 2
Xa as bo 2 8
10 ka 26 Xa as ka 4 4
12 na 17 nl as na 3 3
17 at 4 br as at 1
grasat 1
kr as at 1 3
19 ca 21 se as ca 6
bu as ca 4
at as ca 4 14
20 at 18 ge as at 1 1
21 sc 17 Kr as sc 4
to as sc 2
nl as sc 1
gr as sc 1 8
23 ko 28 na as ko 1
bo as ko 2
mo as ko 3 6
28 Si 21 ro as si 3 3
30 si 5 ge as si 1
to as si 2 3
31 at 3 bu as at 2 2
33 ro 25 br as ro 2
na as ro 1 3
34 SwW 20 naas sw 1
Xa as sSw 1 2
43 xa 3 nl as xa 1 1
47 lu 24 siaslu 1 1
48 Xa 21 na as xa 6 6
Total Errors 69
Error Rate 12.92%
Correct Rate 87.08%
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6.3.4 Statistical Analysis of the FlowerSOM Test Results

Confusion matrices were drawn up for the results of each FlowerSOM model and the

metrics obtained are shown in Table 6-19.

Table 6-19 : Fraction Metrics for FlowerSOM Species

Species TP FP Acc Prec Sp

at 0.747826 | 0.002283 | 0.986954 | 0.880152 [ 0.997717
bo 0.678261 | 0.000457 | 0.985705 | 0.887524 | 0.999543
br 0.769565 0.000457 | 0.989638 | 0.922754 | 0.999543
bu 0.802899 [ 0.004044 | 0.98764 0.848285 | 0.995956
ca 0.957971 | 0.023418 | 0.97578 0.762332 | 0.976582
da 0.469697 | 0.006901 | 0.971536 | 0.428903 [ 0.993099
ge 0.688406 | 0.012785 | 0.974345 | 0.578878 [ 0.987215
gr 0.855072 [ 0.003066 | 0.990824 | 0.874309 | 0.996934
ka 0.915942 | 0.017352 | 0.979775 | 0.672654 | 0.982648
ko 0.984058 [ 0.032746 | 0.967978 | 0.794114 | 0.967254
kr 0.717391 | 0.002348 | 0.985581 | 0.877066 [ 0.997652
lu 0.928986 | 0.006458 | 0.990762 | 0.82834 0.993542
mo 0.783908 | 0.002574 | 0.98583 0.885889 | 0.997426
na 0.36087 0.01696 0.956242 | 0.454418 0.98304
ng 0.933333 [ 0.005153 | 0.992197 | 0.841955 [ 0.994847
nl 0.785507 | 0.00287 0.988015 | 0.878864 | 0.99713
ro 0.921739 | 0.006132 | 0.990762 | 0.817658 [ 0.993868
SC 0.795652 | 0.015329 | 0.976529 | 0.758373 | 0.984671
se 0.744928 | 0.003979 | 0.985206 | 0.855612 | 0.996021
Si 0.595652 | 0.010241 | 0.972784 | 0.580869 [ 0.989759
SwW 0.933333 | 0.020939 | 0.977091 | 0.632831 [ 0.979061
to 0.881159 [ 0.025114 | 0.970849 | 0.802134 | 0.974886
Xa 0.689855 | 0.007567 | 0.979401 | 0.775348 [ 0.992433
Average | 0.780087 | 0.009964 | 0.980931 | 0.766924 | 0.990036

The TP and FP fractions displayed in Table 6-19 were used to draw up a graph of
the FlowerSOM ROC space. This graph is displayed in Figure 6-20.

The rates shown in Table 6-19, and the ROC graph displayed in Figure 6-20, show
that the TP rate for 4. natalitia is low (0.36087) because of the misidentification of A.
natalitia which occurred with nearly every map. Similarly, the identification of some
A. davyi as A. natalitia (and as other species) resulted in a low TP rate (0.469697) for
A. davyi. Low TP rates were also demonstrated by A4. sieberiana and A. gerrardii.

Despite these relatively low results the FlowerSOM models demonstrated that, even
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with data containing an average of 4.62 attribute values per specimen, the

FlowerSOMs could still differentiate many of the Acacia test specimens.

FlowerSOM Test ROC Space
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TP Fraction
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Figure 6-20 : FlowerSOM Test ROC Space

The Seed and PodSOM and the LeafSOM will be discussed in the next two

sections.

6.4 The Seed and PodSOM Models

The same procedure as was followed for the other models was performed using the
seed and pod data set. The maps produced and results obtained are discussed in the

following sections, but in less detail than for TreeSOM and ThornSOM.

6.4.1 Evaluation of the Seed and PodSOM Models

The SOM was trained with 870/890-pattern seed and pod data sets and 587 neurons.
Each specimen pattern contained values for up to 25 attributes. The Seed and
PodSOM model obtained using training data set 23 is presented in Figure 6-21. As
shown in this figure, 23 clusters were formed with two clusters having two

misidentifications. These misidentifications are shown in the top right-hand corner of
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the map where two A. burkei were mapped to an A. caffra cluster. Also near the top

right-hand corner, the second cluster from the top shows that eight 4. ataxacantha

were mapped to an 4. burkei cluster. The other 21 clusters on the map formed unique

species clusters.

Figure 6-21 : Seed and PodSOM Model 23

The errors obtained in the 30 Seed and PodSOM maps are shown in Table 6-20.

Table 6-20 : Misidentification Errors in Seed and PodSOMs

Trained | No. of ID of Cluster | No.in Type of | No. of No. of
Map X Clusters | Cluster | No. Cluster | Error Errorsin Errors
Cluster
2 23 bu 2 47 atas bu 9 9
21 23 ca 21 38 bu as ca 2 2
23 23 bu 6 43 atas bu 8
ca 19 41 bu as ca 2 10
30 23 bu 5 46 at as bu 8 8
Total Errors 29
Error Rate 0.11%
Correct Rate 99.89%

6.4.2 Evaluation of the Seed and PodSOM Model Verification Results

Once the Seed and PodSOM models had been formed they were verified using the

remaining data sets left out during the training sessions. Figure 6-22 shows the results

of mapping the verification test to map 23. Figure 6.22 (a) presents the PodSOM



P
UNIVERSITEIT VAN PRETORIA
UNIVERSITY OF PRETORIA
W YUNIBESITHI YA PRETORIA

Chapter 6 : Analysis of the SOM Performance 124

obtained from using training map 23, and the map in Figure 6.22 (b) is obtained from

associating verification set 23 with this map. The map in Figure 6.22 (b) shows there

was only one type of error, with an 4. burkei being identified as an A4. caffra.

Figure 6-22 : Seed and PodSOM Verification for Map 23

6.4.3 Evaluation of the Seed and PodSOM Model Test Results

The seed and pod test data set, as was the case with the flower test data set,
included specimen patterns which were empty, i.e. they did not have data on seeds
and pods. This is what happens in nature, as in different seasons the seeds and pods
are not always present (or observed or collected) on the tree specimens. Thus the test
data set consisted of only 688 unseen seed and pod patterns.

Figure 6-23 presents the Seed and PodSOM model 23 and the associated test set.

Figure 6-23 : Seed and PodSOM Model 23 with Associated Test Set
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The map presented in Figure 6-23 (a) is the trained PodSOM map 23, and Figure 6-
23 (b) presents the same map after 688 test specimens were associated with it.

Table 6-21 lists the errors which occurred when the seed and pod test set was
presented to each of the 30 Seed and PodSOM models. The average error rate for
these models was 10.16%. This error rate is relatively high compared with the error
rates obtained for TreeSOM and ThornSOM. However, it must be remembered that
the seed and pod test set only had an average of 4.23 attribute values per specimen.
When this low number of attribute values is taken into consideration the error rate is

surprisingly good.

Table 6-21 : Seed and PodSOM Test Results

Trained Map X | Total Total Trained Map X | Total | Total
Errors Correct Errors | Correct
1 68 620 16 70 618
2 72 616 17 68 620
3 68 620 18 68 620
4 68 620 19 68 620
5 70 618 20 71 617
6 70 618 21 66 622
7 69 619 22 68 620
8 70 618 23 92 596
9 72 616 24 69 619
10 72 616 25 69 619
11 66 622 26 68 620
12 67 621 27 72 616
13 67 621 28 68 620
14 70 618 29 69 619
15 69 619 30 74 614
Total Error 2098
Error Rate 10.16%
Correct Rate 89.84%

Table 6-22 tabulates the results of presenting the test set to PodSOM Model 23.

Only the results for clusters which had errors are presented.
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Table 6-22 : Seed and PodSOM Model 23 Test Error Results

Cluster No. ID of No. of Tests | Type of | No. of Errorsin
Cluster per Cluster | Error Errors Cluster
5 Sw 38 ngassw |7 7
6 bu 15 atasbu |1
toashu |7
caasbu | 1 9
14 ar 74 atasgr |8
boasgr |9
brasgr |7
geasgr |8
luasgr |9
nlasgr |7 48
19 ca 50 buasca | 21
atasca |1 22
22 nl 24 caasnl |1 1
23 ko 36 siasko |5 5
Total Errors 92
Error Rate 13.37%
Correct Rate 86.83%

6.4.4 Statistical Analysis of the Seed and PodSOM Model Test Results

For each of the tests performed, a confusion matrix was drawn up and a metrics table
was produced. This table is shown in Table 6-23. The (TP, FP) point for A.
ataxacantha species (0, 0.687778) is the point furthest from the perfect classifier point
(0, 1). The (TP, FP) point for A. luederitzii species (0, 0.695833) is the next furthest
point from the point (0, 1). These results occurred because these two species were
sometimes misidentified as other species. Conversely, the FP rate for A.
grandicornuta was 0.020141, which was relatively high because other species were

misidentified as this species.
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Table 6-23 : Fraction Metrics for Seed and PodSOM Species

Species TP FP Acc Prec Sp
at 0.687778 | 0.000000 [ 0.986822 | 1.000000 | 1.000000
bo 0.756250 | 0.005691 | 0.974128 | 0.924324 | 0.991463
br 0.758621 | 0.000000 [ 0.989826 | 1.000000 | 1.000000
bu 0.902469 | 0.012405 [ 0.985368 | 0.739286 | 0.987342
ca 0.997778 | 0.005235 | 0.995833 [ 0.906924 [ 0.994985
da 1.000000 [ 0.000456 [ 0.999225 | 0.989449 [ 0.999493
ge 0.884444 | 0.043617 [ 0.967878 | 0.643452 | 0.960740
gr 0.866667 | 0.020141 [ 0.969477 | 0.804517 | 0.978248
ka 1.000000 | 0.000000 [ 1.000000 | 1.000000 | 1.000000
ko 0.997849 | 0.007610 [ 0.992684 | 0.860847 | 0.992390
kr 1.000000 | 0.000000 [ 1.000000 | 1.000000 | 1.000000
lu 0.695833 | 0.000000 | 0.985998 | 1.000000 | 1.000000
mo 1.000000 | 0.000000 [ 1.000000 | 1.000000 | 1.000000
na 1.000000 | 0.000169 [ 0.999952 | 0.997917 | 0.999899
ng 0.766667 | 0.000000 | 0.989826 | 1.000000 | 1.000000
nl 0.766667 | 0.000068 [ 0.989826 | 0.998611 | 0.999949
ro 0.988889 | 0.000000 [ 0.999225 | 1.000000 | 1.000000
SC 1.000000 | 0.000000 [ 1.000000 | 1.000000 | 1.000000
se 1.000000 | 0.000000 | 1.000000 | 1.000000 | 1.000000
Si 0.821429 | 0.000000 [ 0.992733 | 1.000000 | 1.000000
SW 1.000000 | 0.010654 [ 0.989826 | 0.815789 | 0.989346
to 0.766667 | 0.000000 | 0.989826 | 1.000000 | 1.000000
Xa 1.000000 | 0.000000 [ 1.000000 | 1.000000 | 1.000000
Average | 0.898174 | 0.004611 | 0.991237 | 0.942657 | 0.995385

The TP and FP rates from Table 6-23 were used to produce a graph of the Seed and
PodSOM ROC space which is displayed in Figure 6-24. This graph shows that the
Seed and PodSOM models were able to identify many test specimens even though
there were problems in the identification of some species. The point (0.687778, 0) for
A. ataxacantha is the further point from the perfect classifier point (0, 1). A.
luederitzii (0.687778, 0) is the next furthest point from the point (0, 1). These results
highlight that these two species were sometimes identified as other species. Despite
this, the Seed and PodSOM test results demonstrate that the models were able to

identify some species correctly even though there were many missing values.
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Seed and PodSOM Test ROC Space
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Figure 6-24 : Seed and PodSOM Test ROC Space

The LeafSOM model is discussed in the next section.

6.5 The LeafSOM Models

The leaf data set consisted of 920 patterns with up to 40 characteristics. The 30 sets of
training data were presented to the SOM software as described in Chapter 5 using 162

neurons.

6.5.1 Evaluation of the Trained LeafSOM Models
The LeafSOM model obtained using the leaf data set 21 is shown in Figure 6-25.

Figure 6-25 : LeafSOM Model 21



UNIVERSITEIT VAN PRETORIA
UNIVERSITY OF PRETORIA
Quu#® YUNIBESITHI YA PRETORIA

Chapter 6 : Analysis of the SOM Performance 129

Several errors are shown on the map in Figure 6-25. One A. nilotica was identified
as A. sieberiana as shown in the cluster on the right edge, just below centre. Another
error occurred and is shown in the cluster at the bottom edge of the figure, third
cluster from the left. Here two 4. swazica were identified as 4. natalitia.

What is interesting to note in the map displayed in Figure 6-25 is that although
only leaf attributes were used in the training data set, it can be seen that LeafSOM has
clustered all the hooked-thorns species (i.e. those with no straight thorns) in the top
half of the map. Going from left to right and down the map these species are: 4.
nigrescens, A. kraussiana, A. senegal, A. brevispica, A. caffra, A. burkei, A.
ataxacantha and A. schweinfurthii. The species A. tortilis and A. luederitzii which
both have some hooked thorns and some straight/straightish thorns are clustered next
to each other in the bottom right corner of the map.

Some of the component maps that were output using data set 21 are shown in

Figure 6-26.

Cushions GLD_STK LFL_DESC

0.00 0.30 0.60 0.90| |0.00 0.27 053 0.80] |0.05 0.33 0.62 0.90

PIN_PR LV_NUM LF_STK

0.02 0.08 0.14 0.20| |0.10 0.38 0.67 0.95 |0.05 0.33 0.62 0.90

Figure 6-26 : LeafSOM Component Maps
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These maps in Figure 6-26 show clearly some of the attributes for the different
species. For instance, the Cushions component map clearly shows that A. robusta, A.
gerrardii and A. grandicornuta all have high values for the cushion attribute.

Another example of similar species which are depicted in a component map is the
species which have stalked glands which are shown grouped in the top right-hand
corner of the GLD_STK component map. Similarly, the species which have numerous
pinna pairs are shown as a distinct group at the right side and top of the PIN PR
component map. While the species with numerous leaves are shown in the bottom,
left-hand corner of the LV._NUM component map.

The U-Matrix for the LeafSOM model 21 is shown in Figure 6-27 (b), and the
trained LeafSOM is shown in Figure 6-27 (a). If the map in Figure 6-27 (b) is
analyzed in conjunction with the maps shown in Figure 6-26 then certain traits
become evident. Lines have been superimposed on the maps for reference purposes.
From Figure 6-27 (b) some of the boundaries between the different species can be
deduced. For example, the groups at the bottom left of Figure 6-27 (b) seem to be
influenced by the LV_NUM attribute, and these groups consist of the species with
larger numbers of leaves. The top centre group bears a correlation to the species with
leaf stalks (LF_STK). The top left group seems to be influenced by the component
leaflet description (LFT _DESC). The right-most group of clusters seems to be
correlated to the number of pinna pairs (PIN_PR) attribute.

(@) (b)
Figure 6-27 : U-Matrix representation of LeafSOM Model 21
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6.5.2 Evaluation of the LeafSOM Model Verification Results

The verification data sets were used to validate the LeafSOM models as was described
in Chapter 5. Figure 6-28 shows the results for one of these verification tests. In this
figure the leaf verification set 21 has been mapped to the LeafSOM model 21.

The results of the verification test in Figure 6-28 (b) show that the 30 verification

patterns were all mapped to their correct clusters. The LeafSOM model 21 is

presented in Figure 6-28 (a) for comparison purposes.

(@) (b)
Figure 6-28 : LeafSOM Model with Associated Verification Set 21

6.5.3 Evaluation of the LeafSOM Model Test Results

The leaf test data set consisting of 918 unseen patterns was associated with the

LeafSOM models. The results obtained for model 21 are presented in Figure 6-29.

atT(38)
scT(16),daT(1)
i7(2),caT

»
|

daT(3).nl i
|
i IT(8),toT
e
o kAl
(@) (b)
Figure 6-29 : LeafSOM Model 21 with Associated Test Set
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The errors that occurred when the leaf test data set was associated with each of the
30 LeafSOM models are tabulated in Table 6-24. From this table it can be seen that
the average error rate is 12.64%. Considering that the leaf data set consisted of a
possible 40 attributes these results were not as good as one expected. However, it
must be noted that there was on average 5.55 attribute values per test specimen in the
leaf test data set. When taking this into consideration the error rate was relatively
good.

The LeafSOM models were unable to identify the A. davyi species satisfactory.
Only four A. davyi specimens were correctly identified by LeafSOM model 21. This

can be seen in Figure 6-29 (b) in the cluster on the right edge, 3" cluster from the top.

Table 6-24 : LeafSOM Test Results

Trained Total Total Trained Total Total
Map X Errors Correct Map X Errors | Correct
1 115 803 16 116 802

2 115 803 17 105 813

3 107 811 18 102 816

4 112 806 19 159 759

5 111 807 20 126 792

6 118 800 21 124 794

7 114 804 22 112 806

8 116 802 23 110 808

9 111 807 24 114 804

10 123 795 25 119 799

11 113 805 26 124 794

12 122 796 27 111 807

13 121 797 28 115 803

14 120 798 29 102 816

15 120 798 30 109 809
Total Errors 3480
Error Rate 12.64%
Correct Rate 87.36%

The errors that were shown in Figure 6-29 (b) are tabulated in Table 6-25. From
cluster 14 in this table it can be seen that although the cluster was identified as A.

davyi only four of the ten specimens grouped on this cluster were 4. davyi.
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Table 6-25 : LeafSOM Model 21 Test Error Results

Cluster No. ID of No. of Tests | Type of | No. of
Cluster | per Cluster [ Error Errors

Errorsin
Cluster

Xa 32 nl as xa

1

2 ka 43 xa as ka
bu as ka

3 ge 54 ka as ge
SC as ge
si as ge
atasge
da as ge
nl as ge
caas ge
Xa as ge
gras ge

14

4 gr 44 roasgr
Xa as gr

5 si 40 da as si
ca as Si
nl as si
to as si

15

6 na 42 Xa as na
SW as na

—_ = — 00 = N = B == = W= N W == W] =

8 at 58 Sc as at
daas at
si as at
ca as at

—_
o)

—_ N =

20

9 lu 60 daaslu
toaslu
xaas lu
nlas lu

Ju—
[\S}

20

10 se 46 Si as se
to as se
bu as se

11 kr 43 bu as kr
caas kr

—_ N—= N Wl o

13 bu 21 caas bu

14 da 10 br as da
caasda
sias da
at as da

16 ca 38 daasca
si as ca

17 sc 22 Si as sC
da as sc

18 br 46 sc as br
caas br
daas br
si as br

19 mo 41 da as mo

21 nl 29 to as nl

—_—l == NN N = W = NN —
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22 ko 43 ca as ko 1
da as ko 2 3
23 to 35 bu as to 1
da as to 1
Xa as to 1 3
24 swW 40 da as sw 1 1
Total Errors 124
Error Rate 13.51%
Correct Rate 86.49%

(Table 6-25 continued)

6.5.4 Statistical Analysis of the LeafSOM Model Test Results

The rates in Table 6-26 were drawn from the confusion matrices created to display the
results of the LeafSOM tests. In this table, the TP rate for A. davyi is 0.2, which is
extremely low. This low rate resulted because very few of the A. davyi specimens
were correctly associated with the 4. davyi cluster (also shown in Table 6-25, cluster
14).

Table 6-26 shows that the TP rate for A. schweinfurthii (0.521667) was also low.
This result can be confirmed by looking at cluster 17 of Table 6-25, which shows that
for map 21 only 22 A. schweinfurthii test specimens were correctly identified.

The TP rate for A. sieberiana is 0.524167, which is low and resulted because this
species was frequently identified as other species. From Figure 6-29 it can be seen
that map 21 only had 25 of the test 4. sieberiana specimens correctly identified.

Also of note in Table 6-26 are the rates for 4. nigrescens. These show that no
errors were made in identifying this species. This result is not surprising as the leaves
of A. nigrescens are very distinctive and distinguish the species from other KZN

Acacia species (except for some 4. burkei which can also have large leaflets).
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Table 6-26 : Fraction Metrics for LeafSOM Species

Species TP FP Acc Prec Sp

at 0.965833 [ 0.025209 | 0.974401 | 0.644432 [ 0.974791
bo 1.000000 [ 0.001025 | 0.999020 | 0.978353 | 0.998975
br 0.954167 | 0.011883 [ 0.986638 | 0.762696 [ 0.988117
bu 0.883333 [ 0.000645 [ 0.994299 | 0.984515 | 0.999355
ca 0.730833 [ 0.006112 [ 0.982426 | 0.848845 | 0.993888
da 0.200000 [ 0.006780 | 0.960385 | 0.553142 | 0.993220
ge 0.984167 [ 0.013174 | 0.986710 | 0.773739 | 0.986826
gr 0.945000 | 0.003834 [ 0.993936 | 0.918823 [ 0.996166
ka 0.974167 | 0.003986 [ 0.995062 | 0.918964 | 0.996014
ko 1.000000 [ 0.003037 [ 0.997095 | 0.938250 | 0.996963
kr 1.000000 [ 0.004708 | 0.995497 | 0.908028 [ 0.995292
lu 0.995833 [ 0.013743 | 0.986674 | 0.769423 | 0.986257
mo 1.000000 | 0.001746 [ 0.998330 | 0.963517 [ 0.998254
na 1.000000 [ 0.000835 [ 0.999201 | 0.982382 | 0.999165
ng 1.000000 [ 0.000000 | 1.000000 | 1.000000 [ 1.000000
nl 0.810000 [ 0.004480 | 0.987436 | 0.895555 | 0.995520
ro 0.915000 [ 0.001898 | 0.994481 | 0.957915 | 0.998102
SC 0.521667 | 0.002923 [ 0.976362 | 0.895737 [ 0.997077
Se 1.000000 [ 0.007365 [ 0.992956 | 0.862544 | 0.992635
Si 0.524167 [ 0.011314 | 0.968446 | 0.687485 | 0.988686
SwW 0.994167 [ 0.002354 | 0.997495 | 0.951302 | 0.997646
to 0.854167 | 0.003531 [ 0.990269 | 0.918729 [ 0.996469
xa 0.806667 | 0.001557 [ 0.990087 | 0.959525 | 0.998443
Average | 0.872138 | 0.005745 | 0.989009 | 0.872778 | 0.994255

Figure 6-30 displays the FP and TP rates plotted on a graph in ROC space. These

rates are obtained from Table 6-26. The poor identification rates for A. davyi, A.

schweinfurthii and A. sieberiana are again demonstrated on this graph.
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LeafSOM Test ROC Space
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Figure 6-30 : LeafSOM Test ROC Space

In the next section the C5 and CN2 results are discussed.

6.6 C5 and CN2 Results

The Acacia data sets were tested using the C5 and CN2 algorithms. However, the
results from these tests were not meaningful. The C5 algorithm chose the shortest
route to determining the identity of the species, so the training results showed 100%
success, as did the TreeSOM results. However, as soon as attribute values were
missing from the test data the C5 algorithm was unable to produce meaningful results.

The extracted rules for CN2 include default cases, which meant that if a
characteristic was absent then the specimen could fall through to the default argument
and be incorrectly identified as a totally different species.

Hence it was concluded that the use of these algorithms with the data sets used in
this research was totally inappropriate. The C5 and CN2 algorithms could not identify
the test data specimens meaningfully because they could not handle the large number
of missing values. The C5 and CN2 results did not make sense and it was therefore

not possible to make a comparison between these results and the results obtained
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from the SOM as had been intended at the start of this investigation. Consequently

these results are not presented here.

6.7 Summary of SOM Results

A summary of the test results obtained using SOM is presented in Table 6-27

Table 6-27 : Summary of SOM Test Data Set Results

SOM Model | Size' of | No. of Max.” No. | Size® of | Average” No. | Correct
Training | Neurons of Test of Attribute Rate
Data Set | used for [ Attributes | Data Set | Values
Training
TreeSOM 890/870 201 127 920 19.52 99.996%
Habit & 890/870 103 43 920 8.61 96.56%
ThornSOM
FlowerSOM 890/870 93 19 534 4.62 78.07%
Seed & 890/870 587 25 688 4.23 89.86%
PodSOM
LeafSOM 890/870 162 40 918 5.55 87.36%

1 For training the size of each data set was either 890 for the first set, or 870 for
each of the other 29 data sets.

2 This is the maximum number of attributes that were used for describing the data
in the relevant data set.

3 In the test data sets some test data specimens had no data on flowers, seed and
pods, or on leaves, consequently the size of the set was smaller.

4 This is the average number of attribute values per test specimen.

From Table 6-27 it can be seen that if there is an average of 19.52 attribute values
present in the test data set per specimen, as there is for testing TreeSOM, then
identification results are very good. The correct rate for identification using TreeSOM
was 99.996%.

For Habit and ThornSOM the average number of attribute values per specimen

present in the test data set was 8.61 and the correct rate for identification was 96.56%.
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Any correct rate over 96% is statistically significant, so these identification results are
also good.

FlowerSOM had an average number of attributes values of 4.64 per specimen in
the test data set, and had a correct rate for identification of 78.07%. This rate is too
low and would need to be improved. However, it is felt that the reduction in the
correct rate was affected by two factors: the low average number of attribute values
per specimen present in the test data set, and the low number of attributes available
for describing the training data (there were at most 19 attributes available for
describing the flower data sets).

Similarly, Seed and PodSOM had an average number of attributes values of 4.23
per specimen in the test data set, and had a correct rate for identification of 89.84%.
These identification results were higher than for FlowerSOM, and it is felt that this
improvement was probably due to the fact that PodSOM had up to 25 attributes
available for describing the seed and pod training data. Again, it is thought that if the
number of attributes for describing the training data, as well as the average number of
attribute values per test specimen, were increased the identification correct rate would
be higher. The number of neurons needed to get these results was very high being
over half the total number of training data patterns presented to the networks.

LeafSOM had up to 40 attributes for describing the leaf training data, but there
was only an average of 5.55 attribute values per specimen used to describe the leaf
test data set. The correct identification rate for LeafSOM was 87.36%. This rate was
disappointing in view of the relatively high number of attributes available for
describing the leaf data. However, the relatively low correct rate is again thought to
be as a result of the low average number of attribute values per specimen used in the
test data set.

What is also worth noting is that none of the SOM models had difficulty
identifying and subdividing what was until recently known as the 4. karroo complex
which included the species A. karroo, A .montana, A. natalitia and A. kosiensis [42].
The newly described species, 4. montana, A. natalitia and A. kosiensis, were

previously included under the umbrella of 4. karroo.
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Overall the results of the SOMs were considered good, and the TreeSOM models
showed what an excellent identification technique the SOM has proved to be.
Therefore the SOM promises to be of immense use in the identification and

classification of biodiversity.

6.8 Conclusion

The maps produced by using the whole, habit and thorn, flower, seed and pod, and leaf
data sets were presented and discussed in turn in this chapter. First, the training data
sets used to produce the SOM maps were discussed and the results analyzed. Next the
results of verifying the maps using a 30-fold cross-validation method were presented
and discussed. Thereafter, the results of testing the maps to see if they could identify
unseen Acacia material from their data sets were presented. The results of the
identification test sets were analyzed, and confusion matrices and/or ROC space graphs
used to rate the performance of the models.

The test results obtained from presenting the unseen data to the C5 and CN2
algorithms were not meaningful and consequently were not presented here. The C5
and CN2 techniques have been used in the other research for identification (see
references given on pp42-43) and for this reason were selected to be used for
comparison with the SOM. However, the C5 and CN2 methods were clearly unable to
identify the biological data used in this research and it is believed that this was
because these methods could not cope with the large number of missing values in the
unseen data sets.

In the next chapter the final conclusions will be presented together with

recommendations for future work.
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Chapter 7

Future Development and Conclusion

The primary objective of this thesis was to evaluate the suitability of the SOM for use
as an identification tool for biological species. The first step towards this was to
discuss traditional identification methods that have been used so as to develop an
understanding of the shortcomings of procedures in current use. These traditional
methods were discussed in Chapter 2, and the need for improved identification
techniques was highlighted.

In Chapter 3, various attempts to utilise Al techniques to identify biological
specimens were reviewed, but it is apparent that the full potential of modern Al
technology has not been achieved. This has been part of the motivation for conducting
this experimental research project which uses Viscovery® SOMine software to
attempt to find a more effective identification tool.

Chapter 4 described the SOM algorithm in detail. The basic theory and concepts
behind this algorithm were presented together with the problems which can occur
with the technique. Some variants and extensions of the SOM were also described.

Chapter 5 outlined the research design that was followed for this thesis. The choice
of KZN Acacia as the application field and the reasons for their selection were given.
Any limitations imposed on the extent of the data set were also described. The choice
of Viscovery” SOMine software was also motivated. The sampling process was
described and the pre-processing and the encoding of the data were explained. Finally,
the presentation of data to the software and the verification and testing processes were
described.

The models obtained from performing the experiments described in Chapter 5 were
presented in Chapter 6. These models were discussed and analyzed. It was concluded
that the SOM had been applied very successfully to the Acacia data sets. The models
were able to predict the species of the test specimens with accuracy ranging from 78%

to 99%.
140
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The experiments conducted with the SOM algorithm had two distinct objectives.

1. The teaching or inductive phase. The first objective was to examine whether the

SOM was able to structure and correlate the data and identify statistically distinct
biological patterns contained within that data. This the SOM proved well able to do;
as well as being able to recognize distinctive patterns within species. Additionally, in
performing this function the SOM confirmed that the conversion of the botanical data
from a descriptive form into a normalized numerical form was effective.

2. The testing or deductive phase. The second objective of the experiments was to

determine the accuracy with which the SOM would be able to identify “unknown”
biological specimens. This accuracy proved to be high (up to 99%) when an extensive
range of attribute values was used to describe the data set for developing a model. For
example, the TreeSOM models, which were formed from large data sets, were able to
identify test data accurately. However, accuracy was reduced when only a few
attributes were used to form the models and/or to describe the test data set. For
example, the FlowerSOM models, which were formed from limited data sets, had a
correct identification rate of only 78.07%.

At the start of this thesis it was hoped that the SOM would be able to help with
identifying biological specimens. The TreeSOM models have successfully
demonstrated that they are able to differentiate the different Acacia species occurring
in KZN. These models, created with training data sets which had up to 127 attribute
values, obtained an average correct rate of 99.996% with test data sets which had an
average of 19.52 attribute values per test specimen.

The Habit and ThornSOMs were also used successfully to identify unseen habit
and thorn test data specimens. The average correct rate for these models was 96.56%.
Even though the number of attributes used for training these models was at most 43
and the average number of attribute values in the test data set was 8.61 per test
specimen.

The Seed and PodSOM models were trained with data sets which had at most 25
characteristics and obtained an average correct rate of 89.84% when presented with
unseen data. In view of the fact that the average number of attribute values per test

specimen was 4.23 the correct rate for Seed and PodSOM was surprisingly good.
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The LeafSOM models were trained using up to 40 attributes. The average correct
rate achieved when these models were presented with unseen test specimens was
87.36%. The lower rate of success of LeafSOM was disappointing because of the
relatively high number of attributes were available for describing the leaf training
data. However, it must be noted that the average number of attribute values used for
the leaf test specimens was only 5.55 per specimen. This paucity of test data probably
contributed to the correct rate being lower than expected.

The FlowerSOM correct rate was 78.07%, the lowest rate obtained during the
experiments. However, the number of attributes used for training the FlowerSOM was
at most 19 and because of the correlation between some of the attributes the
FlowerSOM models were not sufficiently diagnostic. Additionally, the flower test
specimens themselves were not well defined as the average number of attribute values
per test specimen was only 4.62. Taking these last two factors into account the correct
rate of 78.07% is understandable, and it is felt that the lower identification rate was
more to do with the sparse data sets, rather than with a shortcoming of the technique
utilized.

Although the Habit and ThornSOM models were the only subset models to obtain
an average correct rate over 96%, all the subset models show promise of being able to
identify the species.

Also, at the start of this thesis it was hoped that the C5 and CN2 algorithms could
be used to provide meaningful results for comparison with those obtained by using the
SOM for identifying unseen biological specimens. The selection of the C5 and CN2
algorithms for identification of incomplete biological data sets turned out to be a poor
choice for comparison purposes. However, the SOM results showed that the SOM
technique was suitable for biological identification and was able to succeed where
other techniques had failed and that the SOM algorithm’s superiority for identification

was clearly established.
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7.1 Future Work

Some of the relationships between species and the correlations between
characteristics, as were illustrated by the SOM models, have no obvious or known
biological explanation. It is felt that an important continuation of the work started in
this thesis would be to investigate the taxonomic relationships suggested by the
TreeSOMs. These may have evolutionary or genetic significance which could be
tested. For example, in Figure 6-5 TreeSOM’s clustering of the species splits the KZN
Acacia species into four major groups (at the level where 4 clusters were requested).
At this level TreeSOM splits the species into two subgroups for the hooked thorn
species and two subgroups for the species with some straight thorns. It would be
interesting to see if there are valid phylogenetic reasons behind this split into four
groups.

Also, some of the associations between species are well documented and based on
morphological evidence [168, 179, 180], but other relationships depicted by TreeSOM
appear not to be documented. The authors of the above references discuss similarities
between A. robusta, A. grandicornuta and A. gerrardii, and between A. luederitzii and
A. tortilis, but not between A. nilotica and A. sieberiana. It would be very interesting
to see if other evidence (morphological or genetic) supports the relationship suggested
by TreeSOM between A. nilotica and A. sieberiana.

The unsupervised SOM techniques have been demonstrated on a botanical data set
and its four subsets. The subset models were not as successful as the whole model in
identifying unknown specimens. The apparent loss of accuracy demonstrated by the
FlowerSOM needs to be investigated further. It is felt that the current flower data set,
for instance, only offers two different types of data on what are very important
characteristics: flowers are either white or yellow, while inflorescences are either
capitate or spicate. These characteristics are highly correlated, with all the spicate
inflorescences being white. This means that the data are easy to separate into two
groups, but these important flower characteristics on their own are not sufficient to
differentiate species. More data (i.e. more characteristics) need to be collected to

make the differentiation between species and attributes more successful. In addition,
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because of time restraints and lack of resources, important reproductive characteristics
were omitted from the data set and should be included in future work.

The experimental work in this thesis was performed on data collected on KZN
Acacia species. The SOM results would change if data on Acacia species from the rest
of southern Africa were included. Acacia data from species found in South Africa or
even southern Africa should be extracted and used to see what relationships the SOM
could detect with these extended data sets. If this wider range of species were
included then some of the relationships detected by SOM in the KZN data sets might
also make more sense. For example, the relationship between A. nilotica and A.
sieberiana might change or be clarified.

One of the main strengths of SOMs is the successful preservation of
neighbourhood relations. This strength should be further utilized to discover structures
within other botanical and biological species. It would also be interesting to see if the
SOM could identify infraspecific taxa such as subspecies and varieties. Again, this
would be an interesting future development of this research.

Another extension of this research project would be to use other species that are
more difficult to identify, and see if SOM models can be developed which could help
with the identification of problem groups. The SOM could be used in conjunction
with DNA sequence data to trace evolutionary histories and to determine whether
species in a genus originate from a common ancestor.

From the foregoing it can be seen that the SOM promises to be an exciting tool for
biological identification, and with further work could even help solve the backlog

dilemma regarding the barcoding of biodiversity.

7.2 Conclusion

Al technology offers non-experts the advantage of identification of botanical material,
particularly when experts are not available. This is of special relevance in Africa
where the demand for experts far exceeds what is currently available.

When identifying species, botanical data by their nature are often sparse. A

technique that can succeed in getting a species name when information is missing is
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particularly valuable. In this respect, the field guides that are most commonly utilized
fail dismally in the hands of a layperson. Thus the SOM technique, which is a well
known technique which has been tried and tested for its ability to handle sparse data
sets, is extremely important.

In this thesis the use of SOM as a tool for analysis of data sets based on 23 KZN
Acacia species has been demonstrated. The results have been shown to be consistent
with existing knowledge of the species, and new relationships have been
demonstrated within the data set.

It is therefore believed that the SOM is indeed a very real and viable alternative
tool for the identification of biological specimens, and because of its capability of
handling fuzzy and sparsely populated data sets it must be recognized as an essential

tool to help with the identification and classification of biodiversity.
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Appendix A : Acronyms, Abbreviations and Glossary of Terms

ASCIl — American Standard Code for Information Interchange is a character-encoding
scheme based on the order of the English alphabet. ASCII codes represent text in devices
such as computers.

classification — The process of defining and naming classes of organisms [49].
CI — Computational Intelligence.

DELTA — DELTA format Language for TAxonomy is a flexible format for encoding
taxonomic data descriptions prior to computer processing.

empirical - Empirical data are data that are produced by experiment or observation. It refers
to the use of working hypotheses that are testable using observation or experiment.

FlowerSOM — SOM model developed from a set of KZN Acacia flower data (a subset of the
whole Acacia data set).

glabrous — smooth, hairless.

genus — A genus is a taxonomic unit used in the classification of organisms. In the hierarchy
of biological classification genus comes above species. For example Acacia.

identification — Identification is the process of assigning a specimen to a (pre-existing) taxon.
The name of the taxon can then be used as an index to find known information about the
taxon, and therefore about the specimen itself [49].

key — A key is a reference tool or device which aids identification of biological entities such as
plants. A key offers a series of choices where for each choice the user must choose between
prominent contrasting features (characteristics or attributes) of the entity to be defined. By
a process of elimination successively smaller groupings of entities are split off until the
specimen can be identified, i.e. the series of choices progressively leads to the definition of
the species of the entity. The groupings derived from such a key are artificial rather than
natural and this method of identification has the disadvantage that if a mistake is made at
any stage identification will be completely wrong.

KZN — KwaZulu-Natal.

LeafSOM — SOM model developed from a set of KZN Acacia leaf data (a subset of the
whole Acacia data set).

PodSOM — SOM model developed from a set of KZN Acacia seed and pod data (a subset of
the whole Acacia data set).

polyclave — multiple-entry access key.
pubescent — hairy, covered with short hairs

Self-organizing map — A SOM is a result of a nonparametric regression process that maps
high-dimensional, nonlinearly-related data onto a visual, two-dimensional display in order
to perform classification and clustering [114].

SOM - Self-Organizing Map (see Self-organizing map for definition).
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Appendix A : Acronyms, Abbreviations and Glossary of Terms 161

Species (sp.) — Species is a taxonomic rank which is used in biological classification. In the
hierarchy of biological classification species comes below genus. For example in the
name A. kraussiana the species is kraussiana.

stochastic - Stochastic means being or having random variables. A stochastic model is a tool
for estimating probability distributions of potential outcomes by allowing for random
variation in one or more inputs over time.

subspecies (subsp.) — A taxonomic rank that is subordinate to species and which usually
arises as a consequence of geographical distribution or isolation within a species. For
example, A. brevispica subsp. dregeana.

taxon (pl. taxa) — A taxon is a name designating an organism or group of organisms (no
matter the level of the taxonomic hierarchy. The group (one or more) is sufficiently similar
to each other to be considered as a single unit. The group is sufficiently dissimilar to any
other group to be considered as a candidate for membership of that group.

taxonomist — a biologist who specializes in the classification of organisms into groups on the
basis of their structure, origin and behaviour.

taxonomy — The science of biological description, classification and identification [49].

ThornSOM — SOM model developed from a set of KZN Acacia habit and thorn data (a
subset of the whole Acacia data set).

topology — Topology refers to the relationships and characteristics shared in common among
data samples.

TreeSOM — SOM model developed from a whole set of KZN Acacia data.
TDWG - Taxonomic Data Working Group.

variety (var.) (pl. varieties) — A taxonomic rank below subspecies and as such it has a
ternary name, for example A. luederitzii var. retinens.

whole data set — The data set used in this research project to describe the KZN Acacia
species.
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Appendix B : Batch SOM Algorithm

A general algorithm for the SOM method can be summarized as:

standardize input data:
initialise weight vectors;
for each iteration (t =0, 1, 2, .)
for each input vector (i =0, 1, 2, .)
for each neuron weight vector (j =0, 1, 2, .)

for each vector component (k = 0, 1, 2, .)

= — . . 2
Dist; j = zk: (mputl.’k—welghtj’k)

next k;
next j;
find winner;
adjust winner’s neighbourhood;
next 1;
next t;
display output;
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