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A Comparative Study of Public Domain Supervised
Classifier Performance on the UCI Database

Peter W. Eklund and A. Hoang

School of Economics and Information Systems
The University of Wollongong
Northfields Ave, Wollongong NSW 2522
Australia

Abstract

This  paper surveys three classes of public domain
supervised learning algorithms and performs comparative
analvsis of their performance against 29 of the University
California  Irvine machine learning datasets.  These
classifiers  represent  three dimensions of classifier:
decision trees, neural networks and rule-based classifiers.
The study uses data visualisation technigues to justify the
performance characteristics of the surveved algorithms
and makes some general recommendations about the
selection of public domain classifiers relative to the data
properties we examine.

1 Introduction

Knowledge and Data Discovery (KDD) draws on many
fields including databases, statistics, visualization, and
artificial intelligence (Al). In the last fifteen years, the
number of KDD tools and techniques have grown steadily.
KDD methods embrace statistical approaches like linear
programming, regression analysis and principal component
analysis as well as Al-based techniques such as decision
trees, rule discovery algorithms, neural networks, and
genetic algorithms. The critical Al technologies have been
broadly identified as machine learning and knowledge-
based systems [10], however in the machine leaming
literature, supervised classification algorithms' have a
decisive impact on KDD performance.

A supervised machine learning algorithm is a computer
program that is presented with a number of attribute
features demonstrating a particular outcome class as an
example. The program is tasked with generating a decision
procedure called a “classifier”. The classifier is used to
predict the outcome class of an unseen example on the
basis of observing training examples. The measure of the
classifiers performance is how well it can successfully
predict class outcomes on unseen examples. A key
question during the last decade concerns supervised
classification algorithms embedded in KDD tools. Which
of these algorithms constructs classifiers that most

1 ’ . s
As opposed to un-supervised or concept clustering algorithms
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consistently predict class outcomes with high degrees of
accuracy?

Naturally, a technique may be suited to one problem
domain and not another and there is therefore no universal
algorithm. This is the reason why choosing a classifier
algorithm is still something of an art [11]. This also
explains why researchers focused on developing new
supervised classifier techniques or improving existing
classification tools rather than comparative studies.

Much has been done to provide benchmarking in-
frastructure for learning algorithms but more work is
required. The establishment of a public repository of
Machine Learning Databases in University of I[rvine,
California [17], the Espirit Project 5170 Stat-Log (1991-
1994) [14, 15, 3], and events such as the Information
Exploration Shootout [13] provide the basis for this
benchmarking infrastructure. However, the diversity of
database characteristics as well as the increasing number
of newly created classifier algorithms, particularly those

outside the Espirit Stat-Log Project [15], demands

continuous comparative studies across domains and
- 2

algorithms™.

A comparative study cannot be complete, for instance the
results of StatLog tell us little about the relative
performance of algorithms outside its scope. Likewise this
study is incomplete. Additional performance studies often
accompanying software, however, these typically make
comparisons between two or three algorithms [19, 20, 7,
26, 24, 22, 23] and are often selected to recommend the
package they accompany.

The lack of information on comparative studies of public
domain supervised classification algorithms is the main
motivation of our research. It also provides the basis for
the evaluation of public domain resources in terms of their
relevance to the benchmark tasks they support. More
importantly, we combine our comparative analysis with a

? The paucity of comparative analysis extends to public domain
tools freely accessible via the Internct. Only 3 public domain
supcrvised algorithms arc included in the StatLog project: CN2,
LVQ, and the Radial Basis Function Network (RBFN) [3].
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data analysis and visualization study. This provides a guide
10 seleet and mateh the appropriate classifier 1o (he
nroblem domain. The objective of this study is therefore
focused on the question: how well do public domain
supervised classifiers perform on different data? The
second question is: given data with certain characteristics
and Teatures, which supervised learning algorithm is most
appropriate?

Statlog provides the most comprehensive comparative
study of different supervised machine learning algorithms,
e, symbolie, neural  and  staistical  classification
algorithms. The aim of StatLog is 10 oblain a set of rules
characterizing the applicability of one of twenty algorithms
on a datasel with given characteristics/features [3].

The measures used in Statlog to characterise data are:
skaple, stadistical. and informaiion based,

 simple measures are the number of examples,
classes, attributes, the proportion of binary atlribute
values, the number of unknown attribute values;

¢ statisticed  measures  inglude  standard  deviation
ratios of the algorithms performance over several
runs and the mean values of correlations between
atiributes:

. information based measures are entropy criterion
such as the mean mutual information gain by
selecting class and attribules.

Our experiments have a similar purpose to StatLog and
should therefore consider similar measures.

In addition, anolher dimension of the data is the source
from which it was derived. Data is obtained from various
sources: medical, biological, chemical, image processing
ete; and aceording to its origins, functional dependencies
between attributes are more or less likely 10 be present,
The remaining sections of this paper are organized as
follows:

1. Section 2 deseribes the public domain supervised
machine learning algorithms used in this study;

2. Section 3 presents information on the data used in
the study;

Section 4 consists of three parts. The first describes
the experimental method used. The second and
third present the results of measurements oblained
from the experimental rjals and a  satistcal
analysis of the results;

(53

4. Section 5 presents the results of data analysis using
visualization and feature selection techniques;

L

Secton 6 discusses the experimental results. In
particular, it provides expianations for performance
differences  between  the  various  classilter
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algorithms;

6. Section 7 gives a briel conclusion about what has
been achieved and (for the reviewer) what remains
1o be done.

2 Supervised Learning Algorithms

The duration of our study necessituled several restrictions
on the algorithms tested. Firstly, because of the academic
nature of the research, algerithms are restricted o those
embedded within software in the public domain. More
acutely, all algorithms should be accessible via the Internet
or easily accessible in the public domain. Secondly,
algorithms should be compatible in the way they report
classification accuracy. Finally, the algorithms tested
should be implemented i C or Cand capable of running
on standard Unix platforms without the aid of special
hardware” .

LMDT, SNNS, C4.5, C4.5 rules, CN2, ITL Nevprop,
LVQ, OCl and three TOOLDIAG classifiers where
selected, These soltware packages represent four types of
supervised machine learning classifiers: Decision Trees,
Neural  Networks,  Rulevbased  and  Instance-based
approaches.

2.1 C45

(4.5 257 is the most popular decision tree classifier. C4.5
induces decision wees® in a tep-down manner, using the
divide-and-conquer method. The (4.5 learning alporithm
is described in Algorithm 1.

C4.5 uses gain ratio critenion lo score lests. There are three
types of test used by the program. The first is where the
dectsion tree is split on each atribute value, with one
ouwtcome and branch for each possible value of that
adribute. The second {5 based on analysis of discrele
attribute values. Possible atiribute values are allocated 10 a
variable number of groups with one outcome for cach
group rather than one outcome for each value. The last
applies to continupus numeric attribute values, This iy a
binary test {(with outcome A < Z and A > Z) based on
comparing the value of A against some threshold value Z.
To cope with the problem of missing values, C4.5 uses two
additional values: the probability the attzibute 15 known or
unkiown. An error-based tree pruning technique {281 is

L . . .
“This steers the study away from paralkel learning algorithms and
environments,

* A decision tree consists of intermal (or decision) nodes and Teal

nades. An internal node of a tree specilics a univariale test ol an
attvibute {or feature value), with cach outgeing branch corres-
ponding 1o the result of this wst. A leall node represents the
classification 1o be assigned (o an example. To classily a new
example, a path from the root of the decision tree W a leal node is
waced. At cach internal nede, the branch correspoending to the
value of e attribute tested s fallowed. The elass at the leaf node
represents the class predicted for that example

Volwme 9, No. |



used 1w avoid overfitting training data”. From the resulting
decision wee, C4.5 also builds a rule classifier that is
approximately as accurate as the pruned tree. The steps in
this process are as fellows:

b each path from the root of an uapruned tree to a
leaf gives one inidal rule. The left-hand side of
the rule contains the conditions established by the
path and the right-hand side the class at the leal

node;

2. each such rule is simplified by removing condi-
tions that are unhelpful in discriminating the
nominated class from other classes. This is done
using a pessimistic estimate of the accuracy of the
rule;

3. for cach clags in wn, all the simphified rules for

the class are filtered 1o remove rules not con-
ributing o the accuracy of the set of rules as a
whole;

4. the sets of rules for each class are ordered to
minimize false positive errors and a default class
is chosen.

2.2 ITI — Incremental Decision Tree
Induction

[TI {22, 8] (Incremental decision Tree Induction) is
available by fip from ftp.cs.umass. edu in the directory
/pub/iti, ITI does nof require any special data format,
working well on data with {or without) missing values,

The ITI incremental decision tree induction algorithm is
buift around the ftree revision mechanism [22]. Tree
revision assumes that every possible test at a decision node
has exactly two possible owtcomes: this means that the
decision tree produced is always binary, At every decision
node. the frequency counts for each outcome-class
combination for a symbolic variable, or the list of values
observed in the instances at that node in sorted order, are
kept and updated as necessary m order to change the test
used #l a decision node. The 1T algorithm is described m
Algorithm 2. IT1 incrementally  incorporates a new
instance into the existing decision tree by passing it down
proper branches, typically untif a leaf is reached. Because
passing an instance through a node causes information
kept at that node to be changed and consequently
invalidates the basis on which the installed test at that node
was selected, [TT marks as stale any decision node through
which the new instance has passed. 1t makes this g so

* Praning a decision node consists of removing the subtree rooted
at that node, making it a leat node, and assigning it the most
common classification ol the training examples afliliated with
that node. Nodes are removed only if the resulting pruncd tree
performs no worse than the original over the holdout subset {20%
of training cases are selected at random for this hoidoat sct).
Praning continues until further pruning is harmful {i.c.. deercases
accuracy of the ree over the holdout set),
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that a later visit to the node can re-install a new test. 1TI
aflows the use of the same gain-ratio metric as used in
4.5 or other direct metrics such as expected number of
tests, the number of leaves, the minimum description
fength, the expected classification expense, the expecled
misclassilication cost [22] or the Kolmogorov-Smirnoff
distance {231

[T1 training can run in several modes. In the default mode
each instance presented is incorporated into the decision
tree, which is then immediately restructured as necessary
so every decigion node has its most desired test installed.
Another mode is the ervor cotrection mede for a fixed pool
of training instances. 1TT cycles through the candidate pool
repeatedly, removing any incorrectly classified instances
and incorporating them into the decision tree. It does this
untit the tree does not misclassify any instance remaining
in Lhe pool. When a batch of instances is received one al a
time, fazyv mode is the appropriate training method. This
adds cach instance 1o the tree without later revisiting the
tree. After all the instances from the batch have been
incorporated, a single call to the procedure for ensuring the
best test is installed at each node will bring the tree into its
final form. The three training modes ensure that I'T} can
run on a sliding scale from purely incremental to non-
incremental learning modes.

To avoid overfiting, ITT uses a virtal pruning technique
hased on the minimum description length principle 28]
The default approach considers whether each subtree can
be represented more compactly by a leal’ with a default
class and a list of exceptions: each exception is an index
into the hist of mstances and an indication of its non-
default class label, Pruning any subtree is performed only
in the form of marking the root decision nede as pruned
and nothing is discarded. This technique is useful for an
meremental induction approach because we can add or
remove the mark at any time.

The tree revision mechanism also allows 1] to revise an
existing tree according to a divect metric in the form DMTI
(Dircet Metric Tree Inducer) [22]. This uses various
metrics (mentioned above) to revise the exisling tree
inexpensively. DMTIL often produces  dramatic
improvements over 1.

2.3 OCY - Oblique Classifier

QCT (Obligue Classifier) is & system for the induction of
obligue decision trees from examples {26]. The software
can be obtained from ftp.es.jhu.edu in directory
/ptb/ocl, Oblique decision trees are trees in which each
node may contain a nuitivariate test on attribuies of the
data. OCIT only works i domains where all attributes are
numeric-vatwed  and  the  class  labels  integer-valued.
Attributes with missing valies are also allowed.

OC] follows the 1op-down approach of decision wee
mduction (also called the greedy divide and conquer
method) similar 10 C4.5. The mam differences between the
C4.5 algorithm (see Algorithm 1) and OC1 algorithm are:

Aunstration Jownal of huelligent informeation Processing Svstems
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Inputs:
Lel T'be a set of training examples.
Let drributes be the set of attributes that may be tested by the
learned decision tree.
Outputs:
A decision tree £ that cotrectly classifies the given example.

procedure CA5(7, Artribuites)
Create a Root node for the tree.
it all examples in T belong to cne class then
Set the Roof 1o be a single leal node with label = class label of ali
examples in 7.
else
if Attributes 15 empty then
Set the Roor 1o be a single leal node with label = most common value of
attribute, whose value is o be predicted by the tree.
else
Consider all tests that divide T into two or more subsets.
Score each test according to how well it splits the examples.
Assign A the attribute from Auributes that scores the highest.
for each possible value v, of 4 loop
Add a new subtree below Roor, corresponding to the test 4 = v; .
Let T'v, be the subset of T that have value v, for 4.
CA.5(Te Attributes ~ 1 4}).
end loop
end if
end it
return Rool,
end

Figure 1 The C4.5 training algorithnt.

Awstralionr Jowrnal of Inielligent fornwarion Processing Svstems Veldume 9, No. |



Inpufts:

Let 7be a set of training instances.

Outputs:

L

A decision tree £ that correctly classify the given example,

procedure [T
Let £2 be an empty lree.
for all mstances v in T loop
if D s empty then

Set D 1o be a leaf node with class iabel = class label of v,

Based on the attribute~-values m x, pass it down the tree until

if label of x = class label of the leaf then
Add x to the set of instances saved at the node.

Set the Teaf to be a decision nede. The atiribute to be tested

at this node is “best™ according o the atiribute-selection metric.
Send all instances saved at this node one down

according to the new test installed at the node.

Visit each stale node recursively to select and install the best test

else
a leaf is reached.
clse
at these nodes.
end if
end if

end loop
end

Figure 20 Incremental Tree Induction algorithm (IT1).

in C4.5, a test at a node checks the value of a single
attribute and sphits the attribute into all of its values when
the attribute is symbolic or discrete integer. When the
attribute is numeric, the tests have the form 4 > Z where 4
is one of the atributes of an example and Z i a constant
(also called a threshold value). This type of test is called
univariate and this class of decision trees is called axis-
paralie! because the test of each node is equivalent to an
axis-parallel spiitting hyperplane in the attsibute space.
The algorithm considers all possible axis-parallel hyper-
planes and chooses the one that “best™ splits the training
examples, OCI however uses another type of test at its
decision node. This test checks @ lincar combination of
attributes and has the form:

S
> X+ gy >0

where & are real valued attributes o are real-valued
coefficients. This type of test is called muddrivariate and this
class of decision trees is called obligue because the test of
each node is equivalent to an oblique splitting hyperplane
in the attribute space. Because it is impossible to find all
possible oblique splitting hyperplanes, OCI uses a special
way of finding “the best™ split. The basic algorithm for
finding the best sphit at each node of a decision tree is
summarized in Algorithm 3.

OC1 uses a special perusrbation algorithm to pertusb the

Volume 9 No. T

hyperplane /7 which halls when the split reaches the
minimum of the mpurity measure. OC1 works on a wide
range of impurity measures such as Information Gain, The
Gini Index, The Twoing Rule, Max Minority. Sum
Minority and Sum  of Varlances [26]. OCH  uses
randomization lechnigues to escape focal minimum. when
no perturbation of any single coefficient hyperplane will
decrease the impurity measure. This technigue perturbs the
hyperplane with a random wvector and re-starts the
perturbation algorithm with a different random initial
hyperplane. [f after n random jumps (the value of s sel
to 5 by default and can be specified by the user) fails o
improve the impurity, OCH halis and uses H as the split for
the current tree node. To avoid over-fitting traming data,
OC1 uses Breiman et al’s Cost Complexity [16] {(also
called Errer Complexity or Weakest Link) pruning as the
default method. The cross validation process in OCI is
costly with respect to computing time and OCH is unable
1o run on very targe datasets” . QCI is supplied with ali
necessary facilities for knowledge reuse and classilication
from untabeled samples.

2.4 LLMDT -Linear Machine Deciston Trce

LMDT {Linear Machine Decision Tree) [7. 24] induces
multi-class decision trees with multivariaie tests at internal
decision nodes. LMDT can be obtained through contact

®1i this study it would not run on the UCT Leirer Recognition
damabasce,

Australion Jowrnal of hielligent iformation Processing Svsiems
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Inputs:

Let 7be a set of training examples.

Qutputs:

The best oblique parallel split of 7.

procedure BEST_SPLIT(T

Find the best axis-parallel splitof 7.

Let I be the impurity of this split.

Let R be the number of jumps defined by the user.

repeat A times

Choose a random hyperplane /1.

(For the first iteration, mitialize / 1o be the best axis-paraliet split)

Step 13 until the impurigy measure does not improve do
Perturb each of the coefficients of /1 in sequence.

Step 21 repeat at most.J times
Choose a random direction and attempt to perturb £/ in that direction,
if this reduces the impurity of [ then

goto Step 1.

end if

Let 7, be the impurity of 7/ [, < Tthenset /= ;.

return the split corresponding 10 /.

end

Fignre 32 The basic algorithn for finding the best oblique split of OC1.

with i1 authors brodley@ecn.purdue.edu. LMDT
does ot require any special data format and can work on
any lype of data with (or without) missing values.

EMDT builds a decision tree in the well-known op-down
nmnier (241 The top-level algorithm is described in
Algorithimy 4. The main differences between LMDT and
other decision tree induction methods are: instead of
selecng a univariate test for a decision node based on &
heuristic measure, such as information gain (used by
C4.5), LMDT wrains a Hinear machine which then serves as
a multivariate test for the decision node. A linear machine
is a multi-class linear diseriminant function which itself
classifies the instance. The class name is the result of the
linear machine test, hence there will be one branch for
each possible class at the node. Linear machine decision
trees can be understood as a hybrid representation,
produced by a combination of two methods, one for
learning decision trees and the other for leamning Hinear
discriminant. functions.

A linear machine is a set of discriminant functions that are
used collectively o assign an instance to one of the R
classes, Let ¥ be an nstance description, also known as a
patterty vector, consisting of a constant threshold value of |
and the numericatly encoded features through which the
instance described. Each discriminant function gf{¥) has
the form H’,—’ Y. where W is a vector of adjustable
coefficients: also known as weights. A linear machine
infers instance ¥ 10 belong to class 11T (Vi 7= j). g{¥) <
gA 1) IF there is no unique maximum, the classification is
undefined.

Australicen Jowrnal of huelfivent iformation Processing Svstems

To train a linear machine, ene adjusts the weight vectors ¥
of the discriminant function g in response o any instance
that the linear machine might misclassify. This is done by
increasing the weights of ¥, where / {s the class to which
the instance belongs, and decreasing the weights of i),
where J iy the clasy o which the  linear machine
erroneously classifies the instance. If the instances are
separable by a linear machine, then the above waining
procedure will find a solution linear machine in a finite
number of steps {241,

LMDT uses & special method called “thermal perceptron
method™ for adjusting weights while training the linear
machine; this ensures stable  behaviour even  when
instances are not linearly separable. During the training of
a linrear machine, LMDT simultancously eliminates
variables not contributing 10 classification at a node.
Because the linear machine algorithm requires all variables
be ordinal (integer or real-valued), LMDT encodes
synibolic variables as ordinal. the encoded symbolic and
ordinal wvariables are normalized automatically at each
node.

Scaling 1s accomplished for cach encoded variable by
mapping it w a standard normal form, i.e., zero mean and
unit standard deviation. Missing values are mapped w0 0,
correspending to the sample mean of the corresponding
encoded variable. All encoding information is compuied
dynamically at each node and retained in the tree for the
purpose of classifying instances. LMDT is computationally
costly. The program has no hold-out validation mechanism

Folume 9, No. |



Inputs:
Let T'be a set of training examples.
Quitputs:
A decision tree D that correctly classifies the given example,

procedure LMDT(T)
Create a Roof node for the tree.
if all examples in T belong to one class then
Set the Root 1o be a single leaf node with label == class Tabel of all
examples in 7.

else
Set the Roor 1o be a decision node.
Train a linear machine (o construct a (est o be installed at this decision node,
if the test partitions instances in 7 in two or more subsets then
for cach subset 7; loop
Add a new tree branch below Roor, corresponding to the outcomes
of the test.
LMDT(T).
end loop
else
Sel the Roof (0 be a leaf node with label = class label of the most frequently
oceurring class in 7.
end if
end if
return Koof

end

Figrure 4: The LMIDT waining algorithm,

and so requires external splitting of data for validation
purposes.

2.5 LVQ-Learning Vector Quantization

LVQ (Learning Vector Quantization) [12] is available by
fip at cochlea.hut.£fi in directory /pub/lvg_pak .
The package contams all necessary programs? for the
correct application of LVQ algorithm in arbitrary statist
ical classification or pattern recognition tasks. LVQ
requites real- valued attribute values of data but works
well on integer-valued data space with (or withowt)
missing values.

LVQ algerithins ry o established a number of codebook
vectors inte the input space to approximate various
domains of the input vector by their quantized values. The
tabeled samples are fed into a generalization module that
tries to find a set of codebook vectors representing
knowledge about the class membership of the training set.

In LVQ, different learning procedures can be selected o
produce codebook vectors such as LVQIL, LVQ 2.1, LVQ3
and OLVQ. The LVQI learning algorithm is described in
Algorithm 5. During the learning process, the codebook
vector nearest to the input training instance is updated to
correctly classify the training instance.

¥ Four options for the LVQ algorithms, namely LVQI, LVQZ.1,
OLVOQT and LVQ3 are available together with many auxiliary
programs

Valume 9. No. |

The LVQ2.1 learning procedure differs from LVQ1 in that
it simulianeously updates two codebook vectors that are
nearest neighbours to an input vector &, one ol which must
belong to the correct class and the other to an incorrect
ctass. x must fall into a zone of values called a “window’
defined around the midplane of these (wo codebook
vectors using Euclidian distances of x from them. The
learning equations are:

it 4 Uy = i 1) = ce O]y = mi ).
w4+ 1y = o) + (O[30 - ()]
where m; and m; are the two closest codebouk vectors 10 x,

whereby x and a7, belong (o the same class, while x and oy
belong to different classes respectively.

The L.YQ3 learning procedure cosures that the m; continue
approximating the class distribugion. at least roughly by
including some correction. It uses the same eguation and
conditions above butl requires v to fall into the window.

a1y =m0+ ecd NEX{0 = (1))

for k € {0, f1.iF x, ny,, o belong to the same class and 0.1 <
£<0.5.

The optimized L.VQI (OLVQL) procedure uses individual
learning rate ¢(7) assigned o cach m.

Australicn Journal of lnielligent Information Processing Systems



Inpuis:

Letm; be the set of untrained codebook vectors which are
properly distributed among classes,
Letrlen be the number of learning cycles defined by the user.

Outputs:

A trained set of codebook vectors mi which correctly classify

the given example.

procedure 1L.VQI

Let o= argmindly ~ s define the nearest m; o x denoted by m,.
Let O <afry <1 and aff) may be constant or decrease monotonically with time.
Let the mi() represent sequences of the m; in the discrete-time donmin,

while learning cycles < rfen loop

for cach input sample x{#} loop

if 7 = ¢ then

it + 1y = md ).

else

it v and m-belong o the same class then

mlf+ 1y =m0+ ad O x() - m0].

end if

it v and mi belong 1o the different ¢lass then

ml 1) = md ) = ([ ()~ m(D)].

end it
end if
end loop
endt loop
end

Figure 3; The LVQ) learning algorithm.

Let ¢ = argmrimix — o, Then,

mlOy+alO[ ) -mdD)] iTx&C
mlt 4+ D= dmd D —ad (- mdn)) iTa&C

mit+ 1= md0) fori=c

(h
a{fy is determined by the recursion,
() = a (= DA+ s(Dee (- 1))
where s() = ] it the classification is correct otherwise -1,

LVQ is as fast as C4.5 but requires considerable effort
from the user in order to obtain high classification
accuracy. The main reason is that LVQ requires the user
specify nuany of the learning parameters, and these vary
from task to task {the number of code-book vectors, the
distribution and balancing distribution ol the codebook
vectors among classes, tuning the induced classifier). This
parameter specification problem is sure 1o bhe one of the
contributing  factors in LVQ’s performance in  this
experiment. On  the other hand, LVYQ provides all

necessary facilities for knowledge reuse, class-ification of

unlabeled examples and is a valuable wol for first time
users.
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2.6 CN2

CN2Z 19, 207 is a rule induction system for inducing
concept descriptions from examples. The objective of it
authors is that the system should be able w0 classify new
exampies accurately, even in the presence of noise. The set
of produced rules should be simple and the rule generation
process  efficient in the size of the datasets. The
representation for rules cutput by CUN2 is an antecedent-
consequent rule® also known as a “decision list”. CN2
works well with symbolic, integer-vatued, real-valued or
mixed continuous-discrete data values. 1t also works with
or without missing values.

The CN2 algorithm {20] cousists of two main procedures:
a search algorithm performing a beam search for a good
rile and a control aigorithm for repeatedly executing
search, The contrel algerithm is summarized in Algorithm
6 and the beam search algorithm in Algorithm 7. The
control algorithm works in an iterative fashion, ecach
iteration searching for & covering for a large number of
examples of a single class ¢ and few other classes. The

¥ To wse the indueed rules to classi Iy new examples, cach ule is
tricd until one is found whose conditions are by the example
being classificd. The resulting cliass prediction of this rale is then
assigned as the class ol that example. Thus, the ardering ol rules
is important. # no induced rules are satisfied, the (inal defaull
rule assigns the most commaon class to the new example.
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Inputs:

Let £ be a set of waining examples.
Let RULE LIST be the empty list,

Outputs:
The set of rules RULE_LIST.

procedure CN2(E)
repeat

Let Bl

if BEST_CPX is net nil then

T _CPX be Find_Best_Complex(£).

Let £'be the examples covered by BEST_CPX,

Remove from £ the examples £ covered by BEST_ CPX.

Let € be the most common class of examples in £,

Add the rule “if BEST_CPX then ¢lass = (77 to the end of RULE_LIST.

end if
until BEST _CPX isnil or EE is empty.
return RULE_LIST.
end

Figure 6: The CN2 training algorithat

complex” must be both predictive and  reliable, as
determined by CN2y evaluation functions. Having found a
good complex. those examples it covers' are removed
from the training set and the rule “if <complex> then
predict €7 is added (o the end of the rule Yist. This process
tlerates untd no more satisfactory complexes can be found.
Two heuristic tests are used during the learing process (o
determine whether the complexes, found during search, are
both “good™ and “reliable™ An information-theoretic
entrepy measure is wvsed o evaluate the complex quality
and the Laplace expected error estimate to test whether a
complex is significant,

UN2 deals with continuous attributes by dividing the range
of values of cach attribute into discrete sub-ranges. Tests
o such attributes examine whether a value is greater (or
fess than equal) the wvatues at sub-range boundaries.
Unknown attribute values are simply replaced wih the
most commonty occurring value for that attribute in the
data.

CN2 s not ag fast as C4.5 or LVQ but faster than I'f1,
LMDFT, and QCI. The program can run in interactive or
batch mode with all default leaming parameters. Help
faciiities are also available. One small detail should be
mentioned here, CN2 has a special lexical requirement of
data and attribute file formats and consequently inexper-
ienced users might have some difficulty in domains with
symbolic feature values. Another problem is CN2, at least
in the public domain version, has no facility either for the
prediciion task on unlabeled examples or for reusmyg the

* The basic test on an attribute is called a sefecior, A conjunct of
selectors s called a compiex. A disjunct of to the now example.
complexes is catled a cover,

" We say that an expression {a selector, complex, or cover)
covers an example if the expression is true of the example
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rule sel.

2.7 TOOLDIAG

TOQOLDIAG [9] can be oblained from fep.uninova.pt
in the directory /users/tr/soft. It is a collection of
methods for statistical patlern recognition, This toolkit™s
main application is classification and it is limited to mulu-
dimensional continuous features without missing values,
No symbolic features are allowed. TOOLDIAG s
implemented in the C programming language and consists
of a sel of tools, providing the user with many facilities Tor
data analysis. The main facilities are:

Feature selection: This is a strong component of
TOOLDIAG. This helps the user reduce the
dimension-ality of the vector, of the samples (that
characterise a process state) 1o a reasonable size by
selecting those features relevant o the clussification
task;

Feature extraction: Available features may be combined
to create new Teatures with lower dimensionality;

Erver estimation: With the reduced feature sel, the
perfor-mance of a classifier based on these features is
forecast;

Induction of different classifiers: From the analyzed
dataset, five types of classitier can be produced: -
Nearest Neighbor; Quadratic Gausian: Radial Basic
Function Network; Parzen window and QF classifier.
The three classifiers used in this experiment: k-
Nearest Neighbor, Radial Basis Function Network,
and the Q* algorithm are described below;
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1{)

procedure Find 3est Complex{£)

Let the set STAR contain only the empty compiex.

Let BEST CPX be nil.

Let SELECTOR be the set of all possible selectors.

while STAR is not empty loop

Specialize all complexes in STAR as {ollow:
Let NEWSTAR be the set {x Myl € ST AR, y £ SELECTOR}.
Remove all complexes in NEWSTAR that are cither in STAR {i.e.
the unspecilized onesy or are null (i.e. big =y Nbig=n ).
for every complex C; in NEWSTAR loop
if ¢, is statistically significant when tested on £ and better than
BEST CPX accerding to user-defined criteria when tested on £ then
Replace the current value of BEST _CPX by (.

end it
end loop
repeat

Remove worst complexes from NEWSTAR.
until size of NEWSTAR is < user-defined maximum.

Let STAR be NEWSTAR.
end loop
return BEST_PCX.
end

Fignre 7: The procedure Find_Best_Complex.

Data visualization: The distribution of classes in the
feature space can be visualized in the x — y plane or in
a three-dimensional space with the help of a non-
Hnear mapping technique. The behaviour of the
estimated error in respect o the number of selected
features can also be ploted. Furthermore. the Tinear
correlation belween two different fealures can be
tested and visualized;

Interface to other program packages: Analyzed data can
be normalized (linear to [0, 1} zero mean, unit
variance) or spht into training and testing sets. In
addition, data can also be passed to other programs
such as LVQ and SNNS'T

The Nearest Neighbor algorithm is one of the most
venerable algorithms in Machine Learning [3]. In its
simplest versions, the entire (raining set is stored in
memory. To classify a new example, the Euclidean
distance {possibly weighted) is compuied between the
example and each stored training example. The new
example is assigned the class of the nearest neighboring
example. Better classification accuracy can oflen be
achieved by using more than the first nearest neighbor to
classify a guery [5, 28] The first TOOLIDHAG classifier
used n the experiment is A-Nearest Neighbor with £ = 5
(K3 is used for the sake of brevity).

The Radial Basis Function Network (RBF-Network) {28,
29, 91 is the second TOOLDIAG classiflier used in this
experiment  (abbreviated REBF). RBF s a classifier
paradigm based on artificial neural networks, RBF can be

" Dctails of LVO and SNNS are deseribed below,
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regarded as the graphic sotation for the generalized
solution to the regularization problem. RBF consists of
three layers: a d-dimensional input layer, where d is the
dimension of the feature space, a hidden layer, and an
output layer with one cutput unit for each class. The
hidden fayer is formed by a set of reference veclors
representing the underlying distribution function. In the
generalized  form, the number of hidden units s
considerably smaller than the number of data points, Under
these conditions, the regulanzation network can bhe
interpreted as the solution o the multivariate interpolation
problem given by a linear superposition of a set of basis
functions represented by a subset of the data points,

For every vector at the input kayer, RBF supplies the
corresponding response at its oulput, ie., for each class
separately, By comparing the output activation for ail
classes a classification decision can be made. This input-
cutput mapping is learned befere the classification run.
Learning, in this conlext, is equivalent to finding a swface
i 4 nmulti-dimensional space providing the best fit to the
fraining data, ie. the best possible approximation to the
true  probabifity density function of the underlying
distribution. The parameters o be learned are: linear
weights associated with the output layer; positien of the
hidden unit (reference vectors) and; spread of the hidden
unit {basig) function,

Twao basic learning strategies are used in RBF. The first is
supervised learning of all parameters, e.g., on the basis of
the error-correction  algorithmy (2 gradient-descent
procedure): a generalized form of the well-known Least-
Mean-Square algorithm. The second strategy determines
the position and spreads of the basis functions first, and
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then caleulates the linear weights of the output layer by
applying the reg- ularization solution; the centers of the
hidden units may be found by using a clustering algorithm.
In our experiment, the set of reference vectors is clustered,
the number of hidden units out of the entire sel of training
vectors is 20% and training algorithm regulsrization with
parameters in the range 0.5 ... 2.0. The variance of each
hidden unit is individually adjusted by a factor of 0.1 ...
0.3.

The last of the TOOLDIAG classifiers used is the Q*
(Q_STAR) algorithm. This algorithm clusters each class of
samples. Each class may have several clusters and each
cluster is represented by 4 prototype. No assumption about
the probability distribution of the data is necessary. The
algerithm works iteratively. [t auto-classifies the data,
using the actual set of protetypes. A IT-nearest neighbor is
used for classification that attributes the class of the closest
prototype to the class sample. I the classification ig
unsatisfactory, new prototypes are dynamically created.
Positively  classified  samples  influence he nearest
prototype by dislocating it to the mean (or median) of the
samples. 1f no more creations of prototypes occur {or
dislocations  of prototypes), the
prototypes stops. The GF algorithm has then learned to
classify correctly all existing training samples via the
dynamically created prototypes. As a result of the feaming
process, the totality of all samples is compressed to a smail
sel of representative prototypes. This classifier and the
LVQ algorithm {described above) behave in a similar way
in the sense thal the learned data is represented by
Prototypes.

TOOLDIAG runs in interactive mode and suggests default
values for learming parameters. By doing so, it reduces
effort for the first time user. For datasets with many
attributes or a large number of examples, the feature
selection process s rather slow and the program is unable
to run feature selection on very large datasets, e.g., the
Letter Recognition datasel.

Another problens is knowiedge reuse. The main purpose of
TOOLDIAG is data analysis and the question of classifier
induction is in this sense less important. However, it is
useful to have some facilities to audit the classification
process or reuse a classifier at a later date. TOOLIIAG
does not allow this. As we will see later in our analysis,
TOOLDIAG can be used in interesting ways for both data
analysis and in developing characteristic performance
measures.

2.8 SNNS

SNNS (Stustgart Neural Nebtwork Simulator} [29] is a
comprehensive package for the simulation of neural
networks and consists of four components: (i) simulaior
kernel; (i) graphical wser inmterface; (iii) batch simulator
version snnsbat: and (iv) network compiler snns2c. The
graphical user interface XGUI, built on top of the kemel,

b=

gives a graphical representation of the neural network and
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self-organization  of

controls the kernel during the simulation run. [n addition,
the graphical user interface can be used to directly create,
manipulate, and visualize neurzl nels in various ways.
Complex networks can be created quickly and easily.
SNNS is implemented in ANSI-C programming language,
obtained from ftp.informatik.uni-stuttgart.de in
the direclory /pub/SNNS. SNNS works on datasets with
numeric feature values and can be used for continuous
prediction tasks,

SNNS provides 32 different learning algorithms based on
the network topology defined by the user. In this
experiment, the network used is a fully-connecied feed-
forward neural network with the most common vaniila-
backpropagation learning algorithm. The tepology of the
et depends on the task performed and the intention of the
user. This will be described in a later section but the
standard topology consists of three layers: input, hidden,
and output layers. Each layer consists of a number of units
and the units of every layer are connected to all other units
of other layers. Connections (links) are weighted in the
sense that each Jink i3 assigned a weight mitalized by
random values between 0 and . Training a feed-forward
neural network  consists of two  phases: (1) Jorward
propagation, an input pattern is presented (o the network.
The input is then propagated forward in the net unti
activation reaches the output fayer. (1) back prepagation,
the output of the cutput layer is compared with the
teaching input. The error & between the output o and the
teaching input £ of a target culput unit / is used, together
with the output o; of the source unit i to compute the
necessary changes to links w; . To compute the error for
inner units for which no weaching nput is available (units
of the hidden layer(s)), the errors of the following layer,
which are already computed, are used in the formula:

Asvy = 180
5 Jf,'(nef,)(f,w o), 1 j is an oulput unit
I‘)"{"(ne.r,)ziém',f\ . i/ ts a hidden unit
()
where :
17 learning factor (a constant),

& ervor (difference between the real cutput and the
teaching output) of unit 4,

i, leaching output of unit /,

o; autput of the preceding unit 4,

i index of a predecessor Lo the current unit
Jowith Tink wy from i 1o/,

Jindex of the current unit,

koindex of a sucecessor 1o the current unil j with hink
wy , Trom jto k.
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SNNS is the most attractive neural netwoerk software we
know of in the public domain. However, SNNS hus no
built-in  data normalization  and  validaticn  (hold-out
mechanisms) and so it requires considerable time and
effort preparing  data. Under the conditions of the
experiment, the learning process is pecformed via a
graphical user inlerface visualty conditioned by the user,

2.9 Nevprop

Nevprop (MNevada backpropagation) {6] is a feed-forward
backpropagation multi-layer perceptron simulator.

Nevprop is controlled by either an interactive character-
based interface, or command-line arguments. Nevprop was
motivated by an interest in improving the prediction and
classification accuracy of mathematical models derived
from epidemiological health care databases. The sofltware
is freely available from ftp.scs.unr.edu in the
directory  /pub/chbmr/nevpropdix/.  Nevprop s
implemented in the ¢ programming language and works
on domains with numeric data with (or without) missing
values. Nevprop can be used for continucus prediction
tasks.

Like SNNS, Nevprop uses the artificial neural network
approach o build knowledge structures. Each layer in the
three Jayer input, hidden and output layers consists of a
number of units. Units of layers are linked to other units
and comections (links) specified by weights. The learned
structure is represented by the topology of the net and the
weights of links. Detail about the learning algorithm used
in the experiment is simifar to that used in SNNS described
above. Specific characteristics implemented it Nevprop
are that it has many auxiliary buili-in mechanisms for
automatic training and data preparation. Firstly, Nevprop
allows the user o cheose one among several ways of
imputing missing values {as mean, median or random) and
saving this result for later use. If the data mput is not of the
same  scale,  causing  ineffectiveness  of  weight
randomization, it can be standardized linearly to mean zero
and units of standard deviation, or in range -0.5 (o +0.5.
Nevprop also allows antomatic stop training il this process
does not improve classification.

3 Data Description

Twenty-nine task databases were selected from the UCT
repository of Machine Learning Databases as the basis of
our comparison (se¢ www.uci.edu). These data are a
representative range of domains and data characteristics
selected particularly to explore bicmedical and natural
scientific domains, A brief description of the properties of
the data is presented in Table 1. The selection criteria insist
that the data be dravwn from domains in which there are
examples of raining data with the following properties;

*  only symbelic attributes;

*  mixtures of symbolic and ordinal (integer or floal-
ing point) attribute values;
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* only ordinal atiribute values: inieger, floating
point or both.

+  complete (no missing values);

+ incomplete {data in which missing values are
present).

The data represent pre~specified training data derived from
a variety of sources: medical, biological, or sociological
experimental  domains.  Some  have several or many
missing values while others are complete. These data alse
differ from each other in the magnitude of examples and
number of predictive feature values. information aboeut the
maximal reported  classification  accuracy  from  the
literature are taken from the UCI repository and compared
with values oblained i our stady,

4 Experimental Comparison

Trials were performed to measure the predictive accuracy
and standard deviatdon of algorithms on the different
datasets mentioned in Table 1 above. Classification
accuracy is measured by splitting the data into a training
and a test (or hold-out) set , presenting the algorithm with
the training set to induce a concept description and then
measuring the percentage of correct predictions made by
that concept description on the test sel. In cach trial, 80%
of the raining examples were selected at random from the
entire dataset and the remaining 20% of the data used for
testing. After splitting, data are converted inte a suitable
format required for each algorithm. Five such trials were
performed on different splits on training and test for each
of the domains and results averaged. [n each experiment,
the algorithims being compared were trained {(and tested)
on identical data to ensure that differences in performance
wete due enfirely to the classification performance of
algorithms.

4.1 Learning Parameters

in the training phase, some algorithms reguire the user w
specify learning parameters while others do not. For those
algorithms requiring special learning parameters, default or
suggested  values  were  used.  Details  of  parameter
specification for cach algorithnm are described as follows:

1. C4.5 and C4.5 rules: no special learning parameters,
Default values were used.

2. ITI: leave-one-out cross validation was used 1o validate
the induced tree. Integer-valued atiributes, normally
treated as continuous values by ITL, are encoded
symbaolically to avoid the effects of: “If number of legs

2

=35 then ..

3. LMDT: does not require any  special  leaming
parameters but requires data for vahidating the resuiting
iree. Therefore, the training set was further randomly
split into training and  validating sets (80% /20%
accordinglyy. Running LMDT in this  experiment
inciudes identification lraining, validating and testing
data files.
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higher averaged accuracy over five runs. However, the ap-
preach is more suited o comparing twe algorithms, and
becomes overly complicated as the number of algorithms
in the comparison increases.

In this comparison we present both methods o compare
classification accuracy and  standard  deviation. The
resultant  classification  accuracy  measurement  and
statistical analysis is presented in & later section of this
paper.

4.3 Classification Averages and Standard
Deviations

This section presents results of the comparative analysis in
a number of dimensions: average classificalion accuracy
and standard deviations, types of attribute values, data
derivations, and datasel size.

Raw resulls of the experiment are presented in Tabjes 2
and 3. In these tables, cach row corresponds to a different
dats  demain connecting the observed accuracy and
standard deviation of one algorithm wilth another. The
highest classification  accuracy and  lowest  standard
deviations in each row are hghlighted n bold-face, ™
indicates that the algorithm cannot run on this data.

o1

)

4.4  Algorithm Comparison: All Types of
Data

Tables 6 and 7 show the percentage accuracies and
standard deviation of five algorithms (C4.5, C4.5 rules,
ITi, LMDT, and CN2) over the classification tasks. The
highest and lowest value classification accuracies and
standard deviations in each line are highlighted in bold-
face.

The wvalues of average classification accuracies and
standard deviations of these five algorithms on the first 28
tasks are provided in Table 8 Observe that LMDT
dominates  with respect o the mean classification
accuracies. From the first 27 tasks, LMDT gives maximum
values on 22 tasks while C4.5, C4.5 rules, CN2, and [T
give maximum values on only two or three tasks. The
resulls of comparisen of mean accuracies using paired,
two-tailed r-Lest on the sbove data are presented in Table 9.

4.5 Comparisons of Standard Deviation

LMDT gives the best averaged standard deviation over 28
tasks (>99% significant). lts average standard deviation is
8.15 while values for C4.5, C4.5 rules, CN2, and ITI are
only 4.88, 4.74, 4.84 and

5.02 respectively. Statistical comparison between the four
other algorithms over these 28 tasks shows no significant
differences wit to classification accuracy or standard
deviation. Note that €4.5 rules gives both slightly higher
average accuracy and lower standard deviation than other
algortthms.
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4,6 Algorithm Comparison: Numeric Data

A selection of datasets containing only numeric prediclive
feature values, allows us to examine the performance of 8
different algorithms on 17 numeric datasets in total. The
resulting classification accuracies and standard deviations
are presented in Tables 10 and 11. The wvalues of
classification accuracy averaged over all datasets are given
in the boftom of each table. Again, bold-face type is used
o highlight the best accuracy and standard deviation on
cach line of the tables.

As can be seen {rom the tables, further inclusion of three
more algorithms in the comparison (LVQ, OCI, and
Nevprop) does not affect the domination of LMDT wri
classification accuracy. Over the 17 tasks presented in the
tables, LMDT gives the maximum and OCI minimun
mean values, Furthermore, statistical analysis supports the
intuitive observation that LMDT performs (in generai)
well and QOCI (in general) poorly. The results of statistical
comparison  between LMDT and OCl  with  other
algorithms are presented in Tables 12 and 13. OCI gives
the highest value averaged over 17 tasks with respect to

standard deviation. The lowest standard deviation is
produced by C4.5 and C4.5 rules but statistically
significant differences are found only between those

algorithms and OC1 {=98% significant) and LMDT (>94%
significant). There are no significant differences in either
classification accuracy and standard deviation between
C4.5, C4.5 rules, [T, CN2, LVQ and Nevprop classifiers.
C4.5 rules gives noticeably higher average accuracy than
4.5, ITL LVQ. OCI. Nevprop and lower average
standard deviation (han ali except C4.5.

4.7 Algorithm Comparison: Numeric Data
without Missing Values

Selecting just those datasels containing no missing values
allows the opportunity to compare the performance of il
different algorithms' on 13 datasets. Tables 4 and 5
present results of average classification aceuracies and
standard deviations measured in the experiment.

As iHlustrated m Tables 4 and 5, LMDT produces higher
classification accuracies. Results of two-tailed f-lests show
significant differences between LMDT s average accuracy
and C4.5 (396%), LVQ (=99%), OC1 (»99%), K35
(>95%), QF (>97%). There are no significant differences
in average accuracy over 13 tasks between LMDT, CN2,
IT1, and C4.5 rules and no significant difference can be
found between CN2. 1T} and C4.5, 1TI gives a lower
standard deviation than LVQ (>94% significant), OCl
(>08% significant), K5 (>94% significant), Q¥ (>95%
significant). Both C4.5 alporithms give significantly lower
standard deviations than OCI, K3 and QF (>96% signifi-
cant). There are no significant differences in standard
deviation  between  any  of (he  other  algorithms.

4.5, C45 rales, ITLL LMDT, CN2L LVQ. QCI, Nevprop, K5,
QF, and RBJ,
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Fable 2: Classiftcation accuracies of experi al algorithms, averaged over five runs.
Fable 2: Classiftcation accuracies of experimental algorithms, averaged over five runs

Noete: Columns: Ay =C4.5, 4>=C4.5 rules, 4=ITL Ap=lLMDT, 4:=CN2, 4, =LVQ. A=0CI, A=Nevprop, 4y =K5, 4, = QF,

Rows: [=Annealing, 2=Audiology, 3=Credil Screening, 4=Hepatitis, 5=Breast Cancer. 6=liypothyroid, 7=Labor Relation,
8=Post Operative, 9=Soybean, 10=Mushroom, 11=Echocardiogram, 12=Voting, 1 3=Cleveland, 14=Primary Tumor, 15=CGlass,
to=Breast Cancer Wincosin, [7=Image, 18=lonosphere, 19=Lung Cancer, 20=Wine, 21=Pima indian, 22=Bupa, 23=Tic Tac
Toe, 24=Balunce Scale, 25=1ris, 26=1layes-Roth, 27=Lymphography, 28=Z¢0, 29=Letter Recognition,
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7 7.30 5.65 4.35 7.92 8.97 “ ¥ ¥ K " he v
8 10.65 | 12.47 9.30 17.58 9.30 “ ¥ ¥ < * b e
9 4.15 294 1.74 2.41 241 “ > » < * = »
10+ 0.00 0.13 .00 0.00 0.00 2.63 ; - < < ® ‘A
I 9.38 5.07 11.29 ¢ 12.67 5.90 7.44 12.23 o ¢ « ” -
i2 170 2,09 1.68 153 227 248 1.93 2.50 B < ¥ b
131 379 4.34 4.30 6.49 3.80 5.05 4.61 363 < * 2 ’
4+ 7.95 4.84 5.76 15.49 4.49 4.15 714 1.37 h < ;

sy 723 6.28 7.86 1125 8.34 10.24 | 910 6H.29 7.81 6.98 7.35
16} 236 2.40 6.79 3.03 3.60 4.91 3.60 2.20 231 1.94 283 by
17 1.09 1.23 1.46 .42 |.8% 2.09 272 153 623 .11 .81 i
18 1 232 258 2.71 351 3.29 3306 2.21 381 4.14 4.70 045 ‘
197 1420 | 1892 | 13.52 | 3220 | 13.79 | 1248 | 17.53 | 1483 | 11.96 | 18.60 | 16.27 -

20 584 5.0 6.24 522 G 4.84 8,45 2.22 6.86 6.64 516

21 2.140 392 2.16 4.30 236 446 | 2240 3.19 3.67 8.19 2.39 ¥
221 574 6.05 4.23 6.63 7.99 704 845 11.97 | 7.22 423 7.92 -
23 244 1.G5 2.38 879 (95 2,94 588 .32 2.70 316 333 093
24 335 398 3.06 293 338 4.3% 207 7.12 7.53 19.09 1 2.38 1.13
25 509 5.00 4.8] 4.71 595 373 4.68 7.45 4.10 528 | 27.37 | 404
20 | 7.69 7.24 596 8.69 7.20 9.2% 1294 | 11.84 | 1085 | 8.69 BO62 | 610
27| 323 3.20 6.92 9.94 6.05 T3 | 2008 | 1293 4.97 6.50 7.74
28 | 759 7.24 6.1 1.56 5.95 626 | 3036 | 462 | 2003 | 2380 5.13
20| 002 M y > 0.34 4.70 ¥ s < « ¥ v

Table 3: Standard deviation of experimental algorithms,

Note: Columns: A; =C4.5, A4>=C4.5 rules, A=1TL A=LMDT, 4:=CN2, A, =LVQ, 47-0CI, Ag=Nevprop, Ao =K5, A4, = QF,
Ap=RBF, 4, SNNS.

Rows: 1=Annealing, 2=Audiology, 3=Credit Screening, 4={epatitis, 5=Breast Cancer, &=llypothyroid, 7=Labor Relation,
§=Pos( Operative, 9=Soybean, | 0=Mushroom, | l=Echocardiogram, 12=Vating, 13=Cleveland, 14=Primary Tumor, 15=Glass,
{G=Breast Cancer Wincosin, 17=Image. 18=lenosphere, 19=Lung Cancer, 20=Wine, 21=Pima Indian, 22=Bupa. 23=Ti¢c Tac
Toe, 24=Balance Scale, 25=Iris, 26==1{ayes-Roth, 27=Lymphography, 28=700, 29=Letter Recognition,
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# A, A A A, A A, As Ay Ay A A
I 023 | 6796 | 6749 | 6059 1 7023 | 60.69 | 57.72 | 4408 | 60.00 | 7478 | 6954
219649 | 96.36 | 96.03 | 961 | 90.56 | 8039 1 0333 o521 | o124 | 9592 | 90.03
3 19136 | 91.82 | 93.65 | 86.89 | 9098 | 8858 | 8829 | 8380 | 85.91 | 8970 | 87.60
4
5

40.17 | 39.84 | 3847 | 5549 | 3707 | 3571 | 3428 | 3312 | 68.54 | 60.00 | 63,70

9109 | 9590 | 9109 | 9540 § 91.09 | 6890 | 8731 | 9541 | 6949 | 7435 | 07.87
O TEO2 [ TEAS L 73006 | TASE 7209 | T1.28 ) 3000 | 6R52 | 7137 | 6850 | 7057
7 6514 [ 6339 | 63.00 | 7154 1 6431 | 6413 | 6557 | TT72 | 6643 | 6143 | 3985
8 83.52 [ 99.17 | 92.80 | 89.61 | 98.18 | 65.61 | 7856 | 9691 | 8432 | 6570 [ 7219
9 6461 [ 7501 | 70.70 | 93.27 | 80.89 | 89.54 | 9250 | 91.04 | 8396 | 69.21 | 89.00
[0 19160 | 9158 | 9125 | 9545 | 9182 | 9255 [ 9389 | 9034 | 91.94 | 92,10 | 85.64
I 7003 | 7595 | 78,63 | 7894 | 7321 | 52.26 | 63.73 | 7891 | 5521 | 7484 [ 70.02
12 [ 7474 | 77.75 | 74.81 | 84.34 § 78.06 [ 8000 | 3992 | 7247 | 7541 | 7491
13 19027 19000 | 9093 | 96,61 | 91,91 | 9142 | 66.68 | 92806 | 67.64 | 74.94 ;

Ave | 7696 | 7950 1 79.09 } 83.02 | 7944 | 7402 | 7168 | 7849 | 7543 | T5.41 [ 7538

Table 4: Average classification accuracies of algorithms, running on datasets with numerical attributes without missing values.

Note: Columns: 4, =C4.5, 4,=04.5 rules, A=1TL Ap=UMDT, 4=CN2, 4, =LVQ, A7=0C1, Ay=Nevprop, Ay =I5, A4 = QF,
A {,";’RBF.

Rows: |=Glass, 2=lmage, 3=lonosphere, 4=Lung Cancer, 5=Wine, 6=Pima Indian, 7=Bupa, 8=Tic Tac Toe, 9=Baluice Scale,
[0y, Bl= Hayes-Roth, 12= Lymphography, [3=Zoo, Avr=Average,

# Ay A A A As Ay A
7.23 0.28 7.96 P25 8.34 10,24 | 9.

: Ay Ay Ay Ay
f Iy 629 7.81 6.98 7.35
2 1.09 .25 |46 142 1.81 2.09 272 1.53 6.23 il 18I
3 2.82 2.58 27 351 329 3.36 221 33l 4.14 4.70 0.45
4 1420 | 1892 | 1352 ] 3220 | 1399 [ 1248 | 1753 | 1483 | 1196 | 18.60 | 16.27
3 5.84 5.09 6.24 522 6.11 4.84 845 2,22 6.80 0.04 316
6 210 392 210 4.30 2.36 446 | 2240 | 319 3.07 g.19 239
7 5.74 6.05 4.23 6.03 7.99 7.14 8.43 11.97 | 7.22 4.25 7.92
8 2.44 1.05 238 8.79 0.95 299 588 1.32 2.70 316 3358
9 3.35 398 3.00 295 338 4.39 207 7.12 7.53 19.09 2,38
1o 509 5,09 4.81 4.71 503 373 4.68 7.45 4.10 528 | 27.37
H 7.09 7.24 5.96 8.69 7.20 9.27 1294 | 1184 1 10.85 8.69 8.02
12 3.3 320 092 9.94 6.05 773 0 2108 [ 1293 4.97 6.50 x
K 7.59 7.24 6.1 1.56 5935 G20+ 3036 | 4062 1 2003 | 2380 >
Avr j5.26 5,53 5.19 1,18 3.03 047 1137 1 686 7.534 9.00 8.14

Table 5: Standard deviation of algorithms running on datasets with numerical attributes without missing values.

Note: Columns: 4, =C4.5, A:=C4.5 rules, A=IT], A=LMDT, A:=CN2, 45 =LVQ, A-=0CH, Ay=Nevprop, Ay =KS5, 4, = QF,
Ap=RBI.

Rows: |=Glass, 2=lmage, 3=lonosphere, 4=Lung Cancer, 5=Wine, 6=Pima Indian, 7=Bupa. 8= Tic Tac Toe, 9=Balance Scale.
L0==11is, 1= Hayes-Roth, 12= Lymphography, |3=Zoc, Avr=Average
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# Database C4.5 C4.5 rules 11 LMDT (N2
| Anncaling 9219 93.97 98.47 9915 86.60
2 Audiology 77.05 74.84 73.66 §1.71 69.53
3 Cred. Sercening £5.91 85.06 8347 §8.93 81.60
4 Hepatitis 78.42 81.23 7593 84.59 8343
5 BBreast Cancer T80 70.51 68.44 75.36 68.78
6 Hypothyroid 99.41 99.43 99.36 87.90 98.24
7 Labor Relation 84.16 85.83 86,65 8583 46.66
8 Post Operative 62.57 60.05 59.48 66.88 57.91
9 Soybean 8991 9214 94,20 87.97 91.37
10 | Mushroom 100.4 99.96 106.0 100.0 F00.0
1l | Echocardiogram 7115 67.07 062.23 71.20 66.33
12 | Voting 96.28 94,60 96.03 97.26 9592
13 | Cleveland 7409 76.13 77.40 8345 §0.22
14 | Primary Tumor 41.69 37.24 37.67 49,20 42.47
15 | Glags 70.23 67.96 67.49 60.59 70.23
16 | Breast Cancer W. 94.25 94.68 a91.14 95.74 94.39
{7 | Image 96.49 90.36 96.03 97.61 90,56
18 4 lonosphere 91.56 91.82 93.65 §0.89 90.98
19§ Lung Cancer 40.17 39.84 38.47 55.49 3747
20 | Wine G1.09 91.90 91.09 95.40 91.09
21 | Pma Indian TLO2 71.55 73.10 73.51 7219
22 | Bupa 65.14 G5.39 63.00 71.54 64.31
23 | Tic Tac Toc 83.52 99,17 02,89 89.61 0818
24 | Balance Scale 64.61 75.01 76.76 93.27 30.89
25 | hris 91.60 91.58 91.25 95,45 a1.92
26 | Bayes-Roth 76.03 75.95 78,63 . 78.94 75.21
27 | Lymphography 74.74 75 74.81 84.34 78.006
28 | Zoo 00.27 90,00 90.93 96.61 91.91

Table 6: Percentage accuracies of five algorithms: C4.5, C4.5 rules, ITI, LMDT, and CN2.
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# | Databasc C4.5 | C4.5 rules ['E1 LMDT CN2
1 | Anncaling 1.54 2,18 1.14 1.08 33z

2| Audiology 4.77 6.23 6.16 13.28 5.03

3 | Cred. Sercening 2.25 2355 3.23 4.60 249
4 | Hepatitis 6.66 in 6.76 8.14 8.85
5| Breast Cancer 536 6.58 5.02 .15 6.32
6 | Hypothyroid 0.24 0.17 .28 23.59 0.68
7 | Labor Relation 7.36 5.63 4.35 7.92 3.97
8 | Post Opcrative 10.65 12.47 9.30 17.58 9.30
9 | Seybean 4.15 2.94 1.74 241 2.4

10| Mushroom 0.00 0.13 0.00 (.00 0.00
11} Echocardiogram 938 5.07 11.29 12.67 5.90
12 | Valing 1.70 2.09 1.95 1.53 227
13 | Cleveland 3.7 4.34 430 6.49 3.80
14 | Primary Tumor 7.95 4.84 576 15.49 4.44
E5 ¢ Glass 7.23 6.28 7.96 11.25 8.34
to  Br. Canceor W, 2.36 2.40 6.79 303 3.60
17 4 Image 1.09 1.25 146 1.42 .81

18 | tonosphere 2.82 2.58 2,71 3.51 329
19 1 Lung Cancer 14.20 1892 13.52 32.20 13.79
20 1 Wine 5.84 5.09 6.24 5.22 611

21 1 Pima Indian 2.10 392 216 4.30 2.36
22| Bupa 5,74 6,05 4.23 663 7.99
23 | Tic Tac Toc 2.44 1.05 238 8.79 0.95
24 | Balance Seale 3.35 3.98 J.0¢ 2.95 3.38
25 | s 5.09 3.09 4.81 4.7 5.95
26 | Hayes-Roth 7.69 7.24 5.96 8.69 7.20
27 | Lymphography 3.23 3.20 6.92 9.94 6.05
28 | Zoo 7.59 7.24 6.11 1.56 5.95

Table 7: Standard deviation of five algorithms: C4.5, C4.5 rules, ITL, LMDT, and CN2.

Feature C4.5 C4.5 rules i1t LMDT CN2
Average accuracy on tasks 1-28 79.22 80.27 79.72 83.37 79.87
Studard deviation on lasks 1-28 4.88 4.74 4.84 8.15 5.02

C4.5, C4.5 rules, IT1, LMDT, and CN2,

Algorithms

Difference (Mean X-Y)

Significance

LMDT-C4.5

LMIT - C4.5 rules

EMDT -1TI
LMDT - CNZ

+4.15
+3.10
+3.65
+3.50

< < <

Table ¥: Comparison of mean accuracies using paired, two-tailed t-test between LMDT

and the four algorithms: C4.5, C4.5 rules, IT1, and CN2.

Austradicor Jowrnal of Imtelligent Information Processing Svstems
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FTable 8 Average classification accuracies and average standard deviations of five algorithms:
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# Database C4.5 C4.57r, ITH EMDT CN2 LVQ QC1 Nevpr
] Voling 96.28 04.66 96.03 97.20 9592 9543 96,15 94.56
2 Prismary Tumor 41.69 37.24 37.67 49.20 42.47 40.37 2273 1.46
3 Cleveland 74.19 76.13 77.40 83.45 80.32 60,79 72.26 76.31
4 Lung Cancer 40.17 30.84 38.47 5549 3707 55.71 54.28 3342
3 Bupa G5.14 65.39 63.00 71.54 64.314 064,13 65.57 71.72
¢ Glass 70.23 67.96 67.49 60.59 70.23 60.69 57.72 44.08
7 fmage 96,49 96.36 96.03 97.61 90.56 89.39 93.33 95.2%
fonosphere G91.56 91.82 93.65 80.89 G(.98 8R.58 88.29 83.80
4 Pima Indian 71.02 71.55 73.16 73.51 7219 71.28 50,00 68.52
10| Wine 41.09 41.90 91.09 95.40) 91.09 68.90 87.3) 9541
I Breast Cancer W, 04,25 04,68 91.14 95,74 94.39 04,82 93.24 95.05
12 1 Tie Tae Toe 83.52 99.17 92.89 89.61 98.18 635.61 78.56 46.91
13 | Hayes-Roth 7003 75.95 78.63 78.94 75.21 52.26 63,732 78.91
14 | Balance Scale 64,61 75.01 76,76 93.27 80.89 89.54 02.50 91.04
15 | iris G1.60 31.58 91.25 95,45 91.92 92.55 03.89 90.34
16 | Zoo G0.27 90.00 90.93 96.61 91.91 9142 66.68 92.86
17 Lymphoegraphy 4.4 TS 74.81 §4.34 78.06 80.00 39.92 7247
Average 76.88 78.65 78.26 82.64 79106 74,21 71.54 75.75

Tabie 10: Average classification accuracies of 7 algorithms C4.5, C4.5 rules, ITL LMDT, CON2, LVQ, and OCH on numeric
data. The best classification accuracies are emboldened

# Database 4.5 C4.5 1, [Tl LMDT CN2 LYOQ Ol Nevpr
i Voling .70 2.09 1.95 1.53 227 248 1.93 2,30
2 Primary Tumor 7.93 4.84 5,76 15.49 4.49 4.15 7.4 1.37
3 Cleveland 3.79 4,34 4,30 6.49 3.80 5.05 4.61 3.63
4 Laung Cancer 14,20 18.92 13.52 32.20 13.79 12.48 17.53 14,83
5 Bupa 5.74 6.05 4.23 6.63 7.99 7.14 8.45 11.97
¢} Cilass 7.23 6.28 7.96 11.25 §.34 16.24 9.10 6,29
7 Image 1.09 1.25 1.46 .42 1.81 2.09 2.72 1.53
8 lonesphere 2.82 2.58 2.71 3.51 3.29 336 2.21 3.81
¢ Pima Indian 2.10 3.92 2.16 430 236 4.46 22.40 319
10 Wing 5.84 5.00 6,24 5.22 6.1 4.84 8.45 2.22
I [3reast Cancer W, 2.36 240 6.79 3.03 3.60 4.91 .00 2.29
12 Tic Tac Toc 244 1.035 238 8.79 ¢.95 2.99 5.88 £.32
13 Haycs-Roth 7.69 7.24 5.96 8.69 7.20 9.27 12.94 11.84
14 13alance Scale 3.35 3.98 3.00 295 338 4.39 2.07 7.12
15 Iris 5.09 5.09 4.8] 4,71 5,95 3.73 4.68 7.45
16 200 7.39 7.24 6.1 1.56 5.95 6,26 30.36 4.62
17 Lymphography 3.23 3.20 6.92 9.94 6.05 7.73 21.08 12.93
Average 4,95 303 5.07 151 s.14 5.62 9.71 581

Tahle 17: Standard deviations of 7 algorithms 4.5, C4.5 rales, [T1, LMDT, CN2. LVQ. and OCT on numeric data.
Lowest values are in bold.
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Algorithms Differenee (Mean X-Y) Significance
LMDT - C4.5 +5.76 v
LMDT - C4.5 rules 1399 v
LMDT - 111 438 v
LMDT - CN2 +3.4% v
LMDT - LVQ +8.43 v
LMDT - OCH +11.1 v
LMDT - Nevprop +6.89 v

Table 12: Results of two-tailed ~est comparison between LMDT and other algerithms on numeric data. LMDT performance is

significantly better for each pair.

Algorithms 5 (Mean X-Y) Significance
Q1 -C4.5 -5.34 v
OCT - C4.5 ries 10 v
OCT - 1Tl 47 v
OCT - LMDT R v
QCH-ON2 2762 v
OC1 - LVQ 267 v
OC! - Nevprop -4,2| v

Table 137 Results of two-tailed r-test comparison between QOCT and other algorithims on numeric data, OQC1’s performance is

significantly worse in the majority of comparison pairs,

The selection of 6 datasets: Tic-Tac-Toe, Balance Scale,
tris, Hayes-Roth, Lymphography, and Zoo, allows us (o
add one more algorithm into the comparison: SNNS,
Because of the lack of built-in data nermalhization fucilities,
SNNS can only be applied o datasets with integer-valued
attributes  encoded by the binary encoding technique
mentioned in Section 4.1 previously (or datasets with real-
vatued attributes on the same scale or normalized into
mean zero values). The measured accuracies and standard
deviation of SNNS on these datasets is 96.97, 97.04, 93.55,
7695, 77.96. 92.23 and 0.93, 1.13, 4.04, 6.10, 7.14, 5.13
respectively. Averaged over 6 datasets, SNNS gives the
highest classification accuracy of 89.73%, this figure is
higher (but the difference is not statistically significant)
than LMDT (89.70%). On this set of data the standard
deviation is 4.18, lower (bul again not significandy) than
LMDT {6.11). The average classification  accuracy
produced by SNNS is significantly higher than those
produced by K35, Q*, Nevprop and OCH algorithms (=94
% significant). No significant differences in standard
deviation can be found between any other of the studied
algorithms,

4.8 Algorithm Comparison: Symbolic or
Mixture Symbolic and Numeric Data

The result of the comparison between f{ive algorithms
(C4.5, C4.5 rules, ITL LMDT, and CN2) on 9 datasets
(Annealing. Audiology. Breast Cancer, Credit Screening,
Hepatitis, Hypothyroid, Labor Relalion, Post Operative
and Soybean) that consist of symbolic, or mixed symbaolic

Australian Jownal of melligent Information Processing Sysreims

and numeric predictive feature vatues, shows that although
EMDT produces the highest accuracy, there are no
significant  differences between its accuracy and the
performance of any of the other algarithms studied.

However, C4.5 rules produces significantly  {>94%
significant)  higher  average  classification  accuracy

{82.63%) than CN2 (80.406%) in these domains. LMDT
again produces the highest standard deviation (10.67) and
significantly higher (>95% significant) than 1T (4.33).

4.8.1 Algorithm Comparison: Medical and Biclogical
Domains

Selective analysis of classification accuracies and standard
deviations on 12 datasets with a medical, bio-medical or
natural science derivation' (these mostly store data on
disease diagnosis) shows LMDT produces significantly
betier mean accuracy in these domains. On all the 12 asks
mentioned above, LMDT gives 75.006% mean accuracy,
better than C4.5 (71.85%, =56% significant), C4.5 rules
(71.79%, =>97% significant), 1T1  (70.18%, >99%
significant), and CN2 {71.90%, >96% significant). On the
last 7 datasets, starting from Echocardiogram, the average
accuracy produced by LMDT is 73.29%. higher (>95%
significant) an the values produced by C4.5, C4.5 rules,
I'TL ONZ, LVQ, GCH and Nevprop {65.9%, 65.44%,
03.53%, 066.15%, 06692%, 58.72% and  5935%
respectively). Here again, we found that C4.5 rules gives

¥ Soybean, Hypothyreid, Hepatitis, Post Operative, Breast
Cancer, Echecardiogram, Cleveland, Primary Tumor, Bupa,
Breast Cancer W, Lymphography and Lung Cancer.
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the lowest aversge standard deviation (5.86 on all {2
datasets and 6.4 on the last 7 datasets) and fower {>98%
significant) than LMDT (13.37 on all 12 sets and 12.35 on
the last 7 sets).

The addition of four more datasets with Dbiclogical
derivation™ does not after the observations made above.
LMDT continues 1o produce significantly higher (>98%
significant) average clagsification accuracies than all other
algorithms (C4.5 rules, [T1, CN2, LVQ, and OCH) on all
PG tasks. No significant differences can be found within
this group of six ajgorithms with respeet to average
accuracies. On all 16 tasks, all four algorithms: CN2, 1TI,
C4.5 rules and C4.5 give lower standard deviations than
EMDT (>95% significant) while there is no significant
difference in standard deviations within this group of four.

4.8.2 Algorithm Comparison: the Size Dimension

Analysis of average classification accuracies and standard
deviations along the size of datasets shows LMDT
produces better average accuracies on any size dataset
compared to all other algorithms. On {3 datasets (Labor
Relations, Post Operative. Audiology, Breast cancer,
Hepatitis, Echocardiogram, Glass, Wine, Lung cancer, [ris,
Hayes-Roth, Zoo and Lymphography) where the number
of cases is less than 300, the average accuracy produced by
LMDT is 7941%. higher than C4.5 (74.77%, >99%
significant), C4.3 rules (74.96%, >99% significant), I1TI
{(73.77%. »99.99% significant), and CN2 (74.48%, =98%
significant). There are no significant differences in average
classification accuracies between C4.5, C4.5 rules, ITI and
CN2. On the last 7 datasets listed above {starting with
Glass), LMDT produces average c¢lassificalion accuracy
ligher than Nevprop (=96% significant) and OC1 (>94%
significant). On the last 4 datasets (Iris, Hayes-Reth, Zoo,
and  Lymphography). LMDT again  produces higher
average classification accuracies (=99% significant) than
4.5, C4.5 rules, and CNZ. On this set of data, SNNS’s
average aceuracy is higher than 1T (>98% significant) and
C4.5 rules (=94% significant). However, no differences in
average accuracies could be found between LMDT and
ITL, LVQ, OCI, Nevprop, and TOOLDIAG classifiers as
well as between SNNS and any other algorithm.

Further extension of database size o 600 and 900 cases
does not change the classication dominance of LMDT.
When four more datasets: Voting, Primary Tumor, Bupa
and fonosphere are included, LMDT continues to produce
significantly higher average accuracy than C4.5, C4.5
rules, 1T, LVQ, OC) and Nevprop. For datasets with the
number of cases >900 (Hypothyroid, Mushroom, Tic-Tac-
Toe, Image), C4.5 rules produces the highest average
accuracy (but the differences are not significant). Only
three algorithms (C4.5, LVQ and CN2) are able to run on
farge data {Letter Recognition). On this data C4.5 produces
the highest classification accuracy (86.85%), while CN2
and LVQ yield only 70.64% and 79.40% respectively,

d . . s
“ Mushroon, Wing, Iris, and Zoo,

Fotume 9, No. |
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4.8.3 Summary of Performance Comparison

The analysis of average classification accuracies leads o
some interesting observations:

All Data Among those aigorithms that can run on ali types
of data, LMDT produces the highest average
classification  accuracy and  standard  deviation.
LMDT, averaged over all 27 datasets on which it can
be applied, is significantly better than C4.5, C4.5
rules, ITT and CN2. However, LMDT's average
standard deviation is significantly higher than the

above mentioned  algorithms,  There are  no
statistically  significamt  differences i standard
deviation and average classification accuracies

between C4.5, C4.5 rules, ITI, and CN2.

All Numeric Data In comparison between § algorithms
{(LMPT, C4.5, C4.5 rules, 1T, CN2, LVQ, OCI, and

Nevprop) running on  numeric-valued  datasess,
LMDT  again  produces  significant  the  highest
classification accuracy (and OCI  the  lowest),

averaged over 17 datasets. OCL also preduces the
highest average standard  deviaton. C4.5 rules
produces higher average accuracy than C4.5, ITI,
LVQ, OCT and Nevprop.

No Missing values in Numeric data A sclection of
numeric datasets withoul missing values includes the
3 TOQLDIAG classifiers inlo  the comparison.
LMDT  gives  significantly  higher  average
classification accuracy than C4.5, LVQ, OCI, and
TOOLDIAG classifiers. Both €4.5 and C4.5 rules
produce sigaificantly lower average classification
accuracy than OC1 and TOOLDIAG classifiers,

Mixed Symbolic and Numeric Data On 9 datasets with
symbolic or mixed symbolic and numeric-valued
atiribute values, €4.5 rules produces significantly
higher average accuracy than CN2. LMDT continues
1o produce the highest average classification accuracy
and standard deviation, although the differences are
not significant.

Epidemiological/Clinical Data Sources The result of
average accuracy analysis on datasets derived from
epidemiological health-care sources (those with a
bio-medical nature) shows LMDT dominates with
respect to average classification accuracy while €4.5
and C4.5 rules dominate with respect o average
standard deviation.

Large Datasets On 4 large datasets (where the number of
examples exceeds 900 cases) C4.5 rules produces the
highest average accuracy. Only 4.5, CN2 and LVQ
can run on the Letter Recognition database (20,000
cases) under the conditions of this experiment. From
these three algorithms, C4.5 gives the highest
clagsification accuracy.
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(Group VGroup 2) 1 C4.5 | 11§ C4.5r. 1 CN2 | Nevprop { OC1 | LVQ | K5 | O* | RBF
. n bl 7 7 b b v O 7 1]
LMD i 5 i i i i il [ 2 i
INNG 3 2 N 2 2 s 3 4 3 3
SNNS ) T n T T T T T ) I

Table 4. Coemparison between algorithms of Group 1 and others in the cardinality of
datasets in which the classification accuracy of one algorithm is significantly higher than

another.

Group 2/Group 3 | OCl1 LVQ Ks O RBF
C4.5 3 3 : :
C4.5 rules fi? 3 ‘J‘ : \
Nevprop : ;‘ ‘ ; s

Table 15 Comparison between algorithms of Group 2 and Group 3 in the cardinality of
datasets on which the classification accuracy of one algorithm is significantly higher than

another.

4.9 Cardinality Comparison

in this section, the second comparative approach, the so
calied Cardinality Comparison described in Section 4.2 s
applied. The results of comparing the number of datasets,
on which ene particular algorithm produces higher average
classification accuracy, are presented in Figure 8, Tables
14 and 15.

The 12 experimental algorithms of this study can be
divided mto 3 groups according to the relative average
classification accuracy over 10 runs. The first we call
Group 1. Group | containg only 2 algorithms; LMDT and
SNNS. The second. Group 2 consists of § algorithms:
C4.5, C4.5 rules, CN2, ['T1, and Nevprop. The last, Group
3 contains LVQ, OC! and 3 TOOLDIAG classifies: K5,
Q* and RBF. Within each group there is no statistical
significance between the algorithms in terms of average
clagsification performance.

However. algorithms in Group | produce statistical signif-
icantly higher classification sccuracy on more datasets
than algorithms in Group 2 and Group 3. The algorithms of
the Grougp 2. in e, produce statistically significant higher
classification  accuracy on  more datasets  than  all
algorithms of the Group 3.

According to the results of the statistical analysis, LMDT
and SNNS produce bigher classification aceuracy on more

Austration Jowrnel of huelligent Informeaiion Processing Svsieis

datasets than all other algorithms. However, because the
number of datasets on which SNNS can run is limited, its
inclusion in Group | s reluctant. The result of the
comparison is represented in Table 14. The method of
representing data is as follows: each entry of the table
contains a fraction. The wvumerator i3 the number of
datasets on which the algorithm of this row produces
significantly higher classification accuracy than the algoe-
rithm of this colwmmn. The denominator is the number of
datasets on which the algorithm of this column produces
significantly  higher classification  accuracy than  the
algorithm of this row.

The remarks made previously in Section 4.3 are reinforced
again when 5 algorithms: CN2, 171 C4.5, C4.5 rules and
Nevprop are compared. It is impossible to find one
outstanding algorithm which outperforms all others within
this group. Interestingly, CN2's classification accuracy,
averaged over the whole set of experimental data, is higher
than those of C4.5 and C4.5 rules. The number of datasets
on which CN2 produces statistically sigoificant higher

clagsification accuracy i much less than C4.5. All 8
algorithms  produce  significantly  higher clagsification

accuracy thapn OCJ), LVQ and three of the TOOLDIAG
clagsifiers.  The result of the comparison between
-

algorithms of Group 2 and Group 3 is presented in Table
ts.
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Figure 8: The classification performance of algorithms within each of 3 algoriihm Groups i, 2 and 3. The labelled ellipses
represent each algorithm. Single-headed arrows between ellipses mean the first produces statistical significant higher
classification accuracy on more datasets. Double-headed arrows represent 29approximately equal number of datasels on
statistical significant higher classification accuracy are produced. Arrows are assigned fractions specifying how many datasels
one algorithm produces with higher classification accuracy than another. In the case of single-headed arrows, the numerator
belongs to the aigorithm the arrow starts from and the denominator belongs to the algorithm the arrow points .
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Figure 9: Mushroom data set (8124 cases, 22 attributes).
Instances of cach c¢lass are concentraied to form clear
clusters in the projection. Maximal accuracy is 100%.

S Data Analysis

5.1 Data Visualization

Visualization s a powerlul technique in data analysis. It
provides a number of facilitics: strucluring raw data,
developing  statistical models; and  finding  outliers.
Visualization techniques can be used in several wavs:
explorative  analvsis,  confirmative  analvsis,  and
presentation, Explorative analysis explores data without
any pre-supposed  hypothesis  and  usuaily  performs
undirected search for interesiing structures and trends.
Confirmative analysis starts [rom some hypothesis about
the data and performs goal-oriented examination of the
hyvpotheses. Presentation data visualization starts from «
priori lixed lacts lo be presented and chooses an
appropriate presentation {echnique o present facts in a
high-guality visualization.

XGobi [27. 1. 4] is one of many visual technigues for
exploring databases |21, 2]. It oflers users a view of data in
many {orms: pairwise plots, three-dimensional rotation and
grand (our (rotation in higher dimensions). In addition it
supports  directed  scarch  in higher  dimensions  for
inferesting views by the projection pursuil guided tour.
Morgover, XGobi prevides easily interpretable plots and
multiple views ol the same dala which can be linked
together. The approach is ffawed in the sense that it relies
on the exislence ol [unctional dependencics between
atlributes which may not exist. It also accommaodales
visualization data with missing values. XGobi is chosen 0
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Figwre 10: Tic-tac-loe data se1 (938 cases, 9 auribuies, two
classes). In the projection, classes form clusters in well
separated regions with minor interleaving ol two classes in
one cluster {the top line). Maximal classilication accuracy
is 99.17%.

analvze our experimental datasets in ovder to confirm any
hypathesis about the performance ol the algorithms and
explore interesting structures in the data, XGobi is a good
andidate for our data exploration because, like the
algorithms and data for our study, if is reely available on
the Web'"® and satisties the platform requirements for the
experinient,

5.2 Results of Data Analysis

The result of data visualization on  dalascls where
classification accuracy is very high (99%-100%) (achieved
by LMDT, C4.5, C4.5 rules, I'11) shows that: the instances
of ecach class are grouped o form distinct clusters ol
exampic instances by their class. These clusters also
appear 10 be separately distributed in the atiributle space
(see Figures 9 and 10), In one or several regions, minor
overlapping can be observed (in the Tic-tac-toe datasel for
examptle). By contrast. in the Primary Tumor dalaset.
where the classification accuracy is poor (30%-30%),
instances of 22 classes seem randomiy distributed in 17-
dimensional atribute space without clusters or clear
regularities {sce Figure 11}

15 e . s . .
Two versions of XGobi can be obtlained in:
http://wev.researxch.att.con/~andreas

Tolwne 9, No. 1



Figure 11 Primary tumor dalaset {339 cases, 17 awribuies,
22 classes). Bach distinet symbol represents one class. In
the projection. instances appear to be distributed randomiy
withoul ¢lear regularity. Maximal accuracy is 49.2%.

In datasets where maximal classitication accuracy is 90%-
{00%. c.g. Breast Cancer W, Iris, Image, Zoo and Wine
datasets for example. instances of cach class may (or may
not) be clustered but are distributed into well separated
regions with (or without) minor overlapping. Figures 12,
13, 14,28, and 13 illustraie this phenomenon.

Further cexploring  datasets  with  decreasing  maximal
measured classification accuracy shows tendencics toward
reduced  clustering. In Lymphography and  Cleveland
datasetls, where the maximal classification accuracies are
83%-85%. one can stiil recognize separate regions of class
distributions in the projections. However, these class
regions are often lo be interleaved (see Figure 16). The
sifuation deteriorates in the Bupa and Glass datasets, where
maximal classification accuracy measured is 77.72% and
74.78% respectively, Although some regularities can be
found in this dataset. in general classes are not clearky sop-
arated. In Bupa, the instances of two classes are mixed and
concentrated mainly in one region. Consequently, the
maximum classification accuracy on this dalaset is not
high.

Several special cases are worthy of attention. The [irst is
the Lung Cancer datascl. Despite three classes distributed
in several separated regions (see Figure 20), the maxinmal
classificalion accuracy achieved (hy K3) is low (68.34%).
Impertantly. the fung Cancer is the dataset with the
smallest number of cases (32 cases) and the second largest
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Figure 12: Breast cancer W. (Wisconsin) datasel (699
cases. 9 awvibules). Two classes are distributed in Lwo
scparated regions with minor interleaving in several places
in the projection. Maximal measured  classilication
accuracy is 95.74%.

aumber of attributes (56). This is why, aithough the
distribution ¢f classes in the projection is reasonable. the
maximal classification accuracy is poor.

The second interesting datasel is the Balance Scale. where
OC1 achieved a high classification accuracy. This dataset
is the anly one from an actificial domain and consequently
has a clear but complex structure {sec Figure 21). In this
dalaset, the contribution of each aribuie in the class
distribution scems evenly distributed. Further evidence is
provided by the high performance ol SNNS,

Anather interesting resull is observed in exploration of the
impact ol Jrrelevant  afiributes  through  visualization.
Visualization is not a good technigue for identifying
irrelevant  aitributes but once identified iheir lack of
contribution  can  be  visuakly  recognized.  The first
important observation is thal in some datsels, several
attributes  make  almost  no  comtribution o class
distribution. Figuere 22 illustrates the impact of the
different variables in the distribution of classes in the Glass
datasct. While Na and RI auributes noticeably spread
classes in these (wo dimensions. the contribution of Ka 1o
class distribution is not significant. The situation s cven
worse for varfable 2 in the lenosphere dataset. While
variable 6 alone almosl perfectly spreads classes by ils
value (sce Figure 23), a scatter plot of its combination
with variable 2 shows varjable 2 has only one zero value
and thercfore cannot be used for class recognition (see
Figure 24).
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Figure 13: Iris dataset (130 cases, 4 attributes. 3 classes).
Class | (10 the righty is separated from two others in the
projection. The remaining two classes are distributed in
two distinet regions without obvious boundary between
them. Maximal classification accuracy is 94.43%.

Another important  observation is that in some dalasets,
only several atiribules separate classes. The lonosphere
dataset is an illustration. I'rom 34 atiributes, only 3
(variables 6, 5, and 3} separate classes (sec Figure 23), The
addition ol the remaining attributes is unlikely o improve
clustering and scparation and in fact make a negalive
contribution  (see  Figure 26). The second  similar
illustrative example is the Wine dataset. From a total of 13
atlributes. only 3 wvariables (7. 1. and 10) conuibule o
separate classes in reasonably well separated regions (see
Figure 27). One more netable point is that both the above
observations occur in datasels where the classification
accuracy of OCT and LV is significantly fower than that
of C4.3, C4.5 rules, I'TT and CN2. This signals a hypothesis
on the impact ¢f irrelevant attributes on OCT and LVQ,

A final point cancerng the impact of dilferent decision tree
pruning lechnigques  on  classification  accuracy  in
combination with visualization. C4.5 uses an error based
praning technique and 11 a virwal pruning technrigue.
While C4.5 pruncs away subtrees (pruning which docs not
alTect the classification accuracy ol the resulting tree on
hold-out subset), I'lT only substitutes a pruned subtree by a
leal’ with a default class label and stores all cases in the
form of a list of exceptions. In some cases. this technigue
can tead 1o differences in algorithm performance. Ac-
cording to the results of our statistical analysis, 1TI
achieves significantly higher classification accuracics than
C4.5 on 7 datasets and C4.5 achieves signilicantly higher

Austration Jowrnel of Tntellizent Information Processing Systems
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Figure 14; Zoo dataser {101 casces, 16 auribuies classcs).
The majority of classes are distributed in well separated
regions in the projection. Maximal measured classilication
aceuracy is 96.61%.

classification accuracy than 171 only on 1 dataset (Credit
Sercening). From the total 8 datasets 3 could not be viewed
because they contain symbolic feature wvalues. The 3
remaining are: Balance Scale. Hayes-Roth, Tonosphere.
Pima Indian, and Tic-tac-toe. We lound regions where
instances of different classes mixed and there are uneven
distributions of instances between clagses in these regions.
For example, the Batance Scale dataset contains only 49
instances ol class 2, distributed irregularly among large
numbers of instances of two other classes (each having 288
instances). distributed regularly in 1he attribute space (see
Figure 213 In the lonosphere dataset. instances ol class 2
are likely to be tightly grouped 10 {orm 1 cluster.
dominating the distribution of several instances of class 1
in this region (scc Figures 26 and 25). In these cases, C4.5
will prune away subtlrees corresponding to these minor
instances while IT1 preserves these instances in the
exception 1ist stored at the ieal’ node, Consequently. the
resulting classification accuracies produced by I'TT will be
higher than €4.5. The situation is the same lor the Tic-tac-
we and  Haves-Roth  datasets. In lic-tag-foc.  some
instances of class 2 are mixed with the majority of
instances ol class 1 into 2 small clusiers (see Figure 29). In
Haves-Roth {sce Figure 30}, several instances ol one ¢lass
are distributed in a region, where the majority ol instances
are of other classes. In these cases. [T will recognize
exceptionat cases while C4.5 wrongly classifies the
instances as another class,
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Figure 130 Image dataset (1497 cases. 19 atributes, 7
classes). Instances of the majority  of  classes  are
concentrated 10 form clusters (class 7. 2. 1. 4. 3) in the
projection. Maximal classification accuracy mcasured is
97.61%.

5.3 Data Analysis using Feature Selection

Visualization is an interesting technique because dala
analysis can intuitively observe data distributions, find
interesting  siructures,  regularities  and  other  useful
information from raw data. [However. in order to find out
the conteibutions of some autributes in the data distribution,
or the presence/absence of irrelevant attributes. the resuis
of the analysis should be based on computation, with
COMPArison in onc or many aspects (¢ ensure correclness.
Therefore. visuatization techniques alone are not sulficient
and require additional support from other techniques. In
this subsection. TOOLIMAG s fealure selection  {unce
tionality is used to {ind the presence/absence of irrelevant
atiributes i our datasets and their impact on  the
performance dilferences of machine learning algorithims,

5.3.1 TOOLDIAG and Feature Selection

Feature selection is one of the strongest aspeets of

TOOLDIAG. This facitity allows the user to determine and
setect {hased on several selection criterion) only those
relevant  [eatures  to  classification  from  the initial
dimensions of the feature space. Only features with the
highest discriminative power will be selected and used for
the classilication task.

Feature selection consists of threc components: search
strafegy, sefection criterion and stopping rules. ‘fhere are
several search strategics such as Usivar, M-Covar, and
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Figure  16:  Lymphography  dataset (148 cases, 18
attributes, 4 classes). Classes are allocated in several
interfeaved  regions i the  projection. Maximal
chassification accuracy measured is 84.34%.

Minkrr. The Univar strategy assumes all leatures are
independent and each distributed in a unimodal way with
its own mean and standard deviation. This strategy ignores
the dependency of featurcs and analyzes one {eature at a
time. In general, it calculates sclection criterion for each
feature independently, orders all features based on this
criterion and seleets them starting from the highest until
the desived number of [eatures are reached. The M-Covar
strategy  takes into  consideration  dependency  among
features and assumes feafures are multivariate  and
normally distributed. o general, it considers the pool of
already selected features (controls). The feature joined to
the pool i3 a feature with the highest selection criterion.
The Minksr stralegy makes no assumptions about the
classes and features that deiine them. 1t keeps a pool of
already selected features, and the remaining leatures as
possible candidates. It will join a feature t¢ those selected
giving the lowest estimaled classification error {97

In TOOLDIAG. scwrch can be driven as Sequentic!
Farward, Sequential Backeard. Branch and Bouwnd or
Exhaustive. Sequeniial Forward tests all features from the
pool and joins those features that give the best eriterion
(together with the selected ones). ‘The selected feature is
then removed from the pool of available features. The
search starts from the emply feature set and assumes all
features as available, In reverse, the Sequential Backward
Search deletes features {rom those available, those that
give the best selection criterion. vntil the desired number
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Figure {7 Bupa datasct (343 cases, 6 attributes, 2 classcs).
The majority of instances of both two classes are likely
mixed in one region in the projection. Maximal
classification accuracy measured is 77.72%.

of features is reached. Branch and Bound analyzes all
possible  subsets out of the ceotire feature sel. The
Lxhaustive strategy scarches all possible combinations.

The scarch can be done for an incremental number of
features permitting the user 1o {ind the glebal optimum of

the selection criterion. The three selection criterion are:
minimum  estimated  error,  interclass  distance  and
probabifistic distance. Minimum  estimated error is a
combination of feature sclection and error estimation'®,
This criterion chooses those {eature(s) that predict the
smaliest error for a certain classifier type'”, Interclass dis-
lance criterion considers these features which maximize
the distance among the samples of the classes (and
minimize the distance within  the sample  class).
Probabilistic distance chooses those fealures that separaie
the class conditienal probability density functions of the

classes, e, {eatures thal cause a minimal overlapping of

the classes resulting in a good sclection.

The next subsection gives the resulls ol applving
TOOLDIAG s feature selection facility on our study 10
identify the presence/absence of irrelevant altributes. The
search strategy used s sequential forward., Sclection
criterion is minimum estimated error using i-Nearest
Neighbor classifier.

¥ Jiyror estimation is a component of TOOLDIAG used to

estimate an error rate produced by a classificr on a given dataset.
' The classifier is specitied by the nser [rom that available in
TOOLDIAG (4-Nearest Neighbor, Radial Basis FFunction, (%,
etc.), lamiliar from earlier sections
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Figure 18: Glass dataset (214 cases, 9 attributes, 7
classes). In the projection. inslances of some classes are
grouped together but distributed in overiapping regions.
Maximal classification accuracy is 74.78%.

3.3.2

The result of using TOOLDIAGs feature selection
functionality to detect the presence of irrefevant atiributes
in the experimental datascts is tabulated in Table 16.
Several explanations ¢larify the method used in caiculating
the numiber of irrelevant  attributes. Firstly, in  the
experinsent, we compule a number of trrelevant attributes,
adding them to the pool of selected attributes does not
merease and  even  reduces  estimated  classilication
accuracy, starting from the maximal values achieved so
far.

Irrelevant Attributes

For example in Bupa dataset, the result of feature sclection
is as follows:

~~-SELECTED FEATURES ---: 6§

Nr. 1 = 3 ---Criterion = 0.46377
Nr. 2 = 5 ---Criterion = 0.64058
Nr. 3 = 4 ——--Criterion = 0.64638
Nr. 4 = 6 ——-Criterion = 0.67826
Nr. 5 = 2 -—--Criterion = 0.63188
Nr. 6 = 1 -~-Criterion = 0.62609

One can see that the estimated classification accuracy
using l-Nearest Neighbor starts [rom 046377 and is
increased to G.67826 when the number ol selected leatures
i increased from 1 1o 4 (when leatures 3, 5.4, and 6 are
selected). Starting [rom this value, the addition of another
2 features {attributes T and 2) 1o the pool does not increase
the estimated classification accuracy but reduces values 1o
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Figure 19: Pima Indian diabetes dataset (768 instances of
two classes, 8 atiributes). In the projection. instances ol 2
classes likely overlap and concentrate in a single region.
Muaximal classilication accuracy measured is 74.78%.

0.63188 and 0.62609 respectively. In the case of several
datasets. the addition of some features 1o the pool selected
causes the estimated classification accuracy to fluctuale
before a maximum value 1s reached. On these occasions,
we count as irrelevant only those atiributes selected afier
the maximal estimated classilication accuracy was reached
and conditionally consider all remaining  attributes as

relevant.,

One observation is that the majority of datasets, where
irrclevant features are found are those in which C4.5 and
I'I'T achieve significantly superior classification accuracy
than OC1 (C4.5 gives signilicantly higher classification
accuracy than OCH on 8 sets’® 1TI gives significantly
higher classilication accuracy than OCT on 10 sets'™). The
sccond observation is that Balance Scale, where irrelevant
features are absent, is the only dataset where OC1 achieves
superior classilication accuracy (except for LMDT and
SNNS). However. the search lor a correlation between the
percentage of irrelevant attributes and the difference in
performance of C4.5. 1T and OCt shows that no
relationship can be found.

The examination of datasels using [eature sclection also
supports the observation made from visualization. In the
lonosphere dataset, using only 3 attributes (attributes 6, 5,

" Glass. Image. lonosphere. Tymphography, Pima Indian,
]’(rimar_\' Tumor, Tic-lac-toe, and Zoo.

¥ Cleveland. Glass. Haves-Roth, Image, lonosphere, Lympho-
graphy, Pima Indian, Primary Tumor, Tice-ac-toe. and Zoo,

Votme 9. No. |

[eE]

Figure 200 Lung Cancer dataset (32 cases, 56 atuributes
and 2 classes). Maximal classilication accuracy measured
is 68.54%,

and 3}, the estimated classification accuracy given by the
t-Nearcst Neighbor classifier is 92% and the estimated
value is reduced to 86% when all auributes are used. This
is confirmed in Figures 25 and 26. A similar case can be
ebserved in the Wine datasct, From a totad of 13 atiributes,
only 3 (atlributes 7. 10 and 1) achieve 93% cstimated
classilication accuracy. The addition ol another 3 attributes
(8, 11 and 3) makes no improvement (o classification
accuracy and only the addition of another 2 atuibules (6
and 9) improves classification accuracy Lo its maximal
value of 95%. From this peint, the addition of remaining
ativibutes  causes estimated classification  accuracy 1o
decline.

5.4 Concluding Remarks

The results of data analysis combining visualization and
feature selection leads 1o several noteworthy commenis:

+  the distribution of data in an Euclidean attribute space
is an important factor in classification performance,
contributing to the maximal classificalion accuracy
achicved by machine learning algorithms. Obviously.
in datasets where instances ol cach of the classes are
grouped to form clean chusters in Buclidean space. the
maximal classification accuracics achieved by learning
algorithms are high. On the other hand. in datasets
where instances of clagses arc distributed randomly in
the Luclidean alribule space, maximal classification
accuracies are poor. Mixed resu!ts are usualiy observed
in datasets where clagses are not well separated or
distributed in overlapping regions.
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# | Databasc Features Frrelevant Percentage
I Balance Scale 4 0 0

2 | Bupa 6 2 31333
3 i Cleveland 13 8 61.53
4 1 Glass g 2 2222
3 | Hayes-Roth 4 : 25.00
6 | lmage 19 4 2105
7 1 lonosphere 34 31 91.06
& 1 lris 4 i 25.00
9 | Lung Cancer 56 36 64.29
10| Lymphography I8 3 16,67
P 1 Pima Indian 8 | 12.50
12§ Tie-Tac-Toe g 2 22,22
13 | Wine 13 5 38.46
14 | Zoo 17 5 2941

Toable 16 Irrelevant attributes detected by TOOLDIAG in the experimental datasets. Note: (i) Features: number of attributes.
(i) Irrelevant: number of irrelevant attributes. (iii) Percentage: percentage of irrelevant attributes.

# | Database Irrelevant No progress Max, estimated Estimated
i Balance Scale 0 ¢ 0.81 0.81
2 | Bupa 2 0 0.67 0.62
3 | Cleveland 7 ¢ 0.78 0.58
4 | Glass 2 G 0.74 0.73
5 Hayes-Roth ] 0 0.77 0.72
6 | tmage 4 5 0.97 0.96
7 | tonosphere 3i 0 0.92 .86
8 | Iris 1 0 0.96 0.96
9 | Lung Cancer 36 i3 .84 0.27
10 ¢ Lymphography 3 4 (.83 0.77
I | Pima Indian | 2 0.69 0.67
12§ Tie-Tac-Toe 2 0 0.81 0.69
13§ Wine 3 3 (.95 0.76
14 | Zoo 5 0 0.98 0.97

Table 17: The impact of irrelevant features on estimated classification accuracy.
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Figure 21 Balance Scale dalaset (625 cases, 4 attributes, 3
classes). Data was  artificially  generated 1o model
psychological experimental results, In the projection, data
is compiex but well structured with clear regularitices,
Maxinal classification accuracy measured was 97.04%.

+ in the Balance Scale dataset the distribution of classes
has clear regularity but a complex structure, This is the
only dataset which containing no irrelevant attributes.
This is also the only dataset where OCI and LVQ
achicve significantly higher measured classification
accuracy than C4.5, C4.5 rules, ITI and CN2.
Furthermare, the Lung Cancer datasetl (where classes
are distributed in well separated regions alhough the
max-imal  classification  accuracics meceasured by
algorithms is poor) is another dataset where OCI and
LVQ  achieve significantly  better  classification
accuracies™.  Addit-ionatly. in  this  dataset.  the
classification accuracies achieved by the TOOLDIAG
classifiers are significantly higher,

* in scveral datascts the presence of irrelevant attributes
can be observed visually. In some datasets, classes can
be separated in distributed regions by using only a
small number of attributes. In others. several attributes
make no contribution to class distribution,

* the regions where instances ol 2 classes are mixed,
with a significantly uncven distribution of instances

hetween twao classes (the majority of instances are of

one dominating class), are found in datasets where 171
achieves signmificantly higher classification accuracy

* O this dataset, OC1 achieves superior classification accuracy
lo UN2 and ITL LVQ gives significantly higher classification
accuracy than C4.5, C4.3 rules, IT1 and CN2.
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Figure 22; The minor impact ol the variable “Ka™ in class
distribution in the Glass dataset. This attribute makes small
contribution on the class distribution.

than C4.5. This fact could be used as an explanation
why virtual pruning (used in 11D and crror based
pruning (used in C4.5) icad to differences in classifier
performance.

+ irreievant atiributes were detected using TOOLDIAG s
feature selection funciionality. In the majordy ol
dalasets with a high propottion of irrelevant attributes,
C4.3, C4.5 rules. I11. and CN2 achieved significantly
higher classitication accuracy than OCI and LVQ,

+ the impact of irclevant attribufes on classilication
accuracy, eslimaicd using the |-Nearest Neighbor
clagsifier wvary in the cxperimental datasets, No
correlation  between the percentage of  irrelevant
attributes and the differences in performance ol the
algorithms ¢an be found.

6 Experimental Results

The comparison ol clasgsification accuracy between 12
Machine Learning algorithms on 29 datasets {rom the UC]
Repository leads 1o several noteworthy culcomes,

1. LMDT produces the highest average classilication
acewracies while OCH, LVQ, K3, Q* and RBF
classificrs produce the lowest; this observation is
independent ol the data soarces. the type of altribute
values and the number of training instances;
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Figure 23; The signilicant impact of variable 6 in class
distribution in Jonosphere dataset,

2. the 12 algorithms selected for this study (C4.5. C4.3
rules, ITI, LMDT, CN2, LVQ, OCE, Nevprop, K3,
Q% . RBEF and SNNS) can be divided into three
accuracy groups. Group 1 consists of 2 algerithms:
LMDT and SNNS. Group 2 contains 3 algorithms;
C4.5, C4.3 rules. ', Nevprop, and CN2. Group 3
consists of: OCT, LVQ, and K35, Q% and RBJF.

3. within any single group. no algorithm  with
statisticatly significant higher classification accuaracy
can be ident-ified.

4. algorithms of Group | outperform all algorithims of
Group 2 and 3. Algorithms of Group 2, in furn, out-
perform all algorithms in Group 3.

The observations are conclusive at first glance butl warrant
discussion.  Although it is natural o assume that
classification accuracics depend on data characieristics can
we answer why and how this oceurs? Secondby, what are
the reasons LMDT  outperforms  other  experimental
algorithms? Why do OCI, LVQ and the TOOLDIAG
classifiers produce the worse classification accuracy results?
One possible  explanation of the dependency of the
classification accuracy of an algorithm on the dataset is the
representative ability of the training data and distribution,
and clustering ol the underlying population. This is. in
our view, one ol the reasons why the performance of a
classifier depends swongly on the characteristics of the
dataset, especially training data used o buitd the classilier.
IU all classes of the underlying population are well
scparaied and the training data perlectly represents this
underlying  distribution. clagsification  accuracics for an
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Figure 24: The impact of variable 2 in class distribution in
Tonosphere dataset. This vartable has a single value and
therefere could not be used in ciass recognition.

ajgorithm are high. In contrast, il the underlying classes
are randomly distributed or overlapping onc can say
categoricaily that no learning algorithm will achieve high
cassilication accuracy on such dala. These assumptlions are
supported by the results of data analysis using XGabi. In
datasets where the maximal classification accuracy is very
high, instances of classes are grouped. In datasels wilh
lower measured classification  accuracy, classes usually
have no clear distinguishing boundarics or are distributed
in overlapping regions in the attribute space. The worst
classilication accwracics are 1o be {ound in datasets where
instances of classes are distributed randomly in the
atribute space. Given a fixed dataset and a particular
division into training and testing scls, why does one
algorithm  produce  statistically  significant  higher
classification accuracy than another? Firstly, data have
underlving structure. ' the classilier outpul by one
algorithim  hetter  {its  this underlying structure, the
algorithms  performance  will be  superior. In our
experiment, the “Balance Scale” dataset is an example lor
this argument. In the Balance Scale the data distribution
has a clear but complex structure. Moreover. ciass 2 has
only 49 instances distributed widely in the attribute space,
intericaved with instances of the 2 remaining classes (cach
has 288 instances, distributed regularly). When data can be
characterised in this way, classifiers using multivariaie
testing {including newral networks) are more effective than
those using univariate testing. A similar argument can be
made for the Lunag Cancer dataset which will be discussed
later,
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Figure 23 The impact of three altribules 3.5 and 6 1o the
class distribution in Tonosphere dataset. These three
variables ave Hikely (¢ be good cnough to distribute classes
into separale regions,

Sccandly. an important common characteristic of datasets
used in this experiment is they all derive from natural
domains and contain many irrelevant attributes. Irrelevant
attributes abways pose a significant problem for machine
lcarning methods [26, 12, 24] and are another reason for
perlormance discrimination, An algorithms capacify fo
deal with missing atributes has a profound fmpact on its
classification accuracy. Scveral supporting arguments for
this thesis can be found in the results ol data analvsis using
visuatization and fcature selection.

Visualization also demonstrates that. in somc datascts,

several attribules make no conwribution {0 the ¢lass
distribution. In others, classes are well separated using

only & limHed number of attributes. The addition of

remaining attributes for visualizalion causes the projection

to deteriorale. Feature selection, particufarly in terms of

climinating irrelevant features from the classilier, has an
important impact on classilier performance.

In the decision ree classifier approach there are several
wavs of instatling a test at a decision node. This includes
univariate fests (C4.3, ITH or mulivariale tests (OC).
Generally, the OCI oblique decision trees are smaller and
al least as accurale as axis-parallel decision trees because
the algorithm considers both axis-parallel and obligue
splits of the training set. 1t is a fact that a decision wree,
cven an axis-parallel one, can be confused by too many
irrclevant attributes |26]. This results because oblique
decision trees learn the coefficient of cach attribute al a
decision node and values chosen for cach coeflicient

Iolume Y. No. |

Figure 26: lonosphere dataset (all attributes are used in the
Projection Pursuit Guided Tour). Maximal classification
accuracy measured is 93.63%.

should reflect the relative importance of the corresponding
attributes. Clearly, the search for goad coefficient values
wili be eflicient when there are fewer attributes and the
search space is therefore smatler [26].

Axis-parallel trees are constructed in a top-down manner
by repeated searching for the most relevant attribule from
the ateibute space. Therelore. they are noticeably less
sensitive 1o irrelevant attributes or noise [20]. This is one
of the reasons for the inferior performance of OCI in
comparison with ITl. C4.5 and CN2™ A reasonable
supporting argument can be found in results of data
analysis by feature selection. Dalasels, where univariate
decision trees (C4.5, 1T achieve significantly higher
classification accuracies than multivariate testing decision
trees (QC1) are datasefs where brrelevant altributes are
found.

Irrelevant attributes not only affect OCH but also scom o
be anc of the reasons for the poor performance of LVQ
and TOOLDIAG. This is because these ajgorithms treat all
attributes  cqually 10 build  knowledge  structure.
Furthermore, LVQ also requires the user to specily many
important  parameters  during  the learning  phase  to
condition classification outcome. This process is non-
delerminislic, time  consuming  and  cannol be well
performed on a serial measurement cendition (as in this
experiment).  Sub-optimal  parameter  values  are  an

HEONZ is not a decision tree but it searches a selector {the basic
test on an atiribute) for a single altribute ene at a time. We
therelore conditionatly censider it as univariate testing.
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Figure 27 The impact of three atiributes 7, 10 and 1 (o the
class  distribution of the Wine dataset. These three
variables appear sufficient w distribute classes in separated
regions.

addigional  reasen  for the inferior  classification

performance of LVQ in our study.

[t is interesting lo discuss why LMDT cutperforms all
other algorithms. Firstly, al cach node of the LMDF tree. a
lingar discrimination lunction is trained and instalied.
Discrimination functions are similar to multivariate tests
installed at the node of an oblique decision tree and
therelore achieve more accurate partitioning of the training
instances, This line of reasoning leads us to predict that
LMDT will suffer from the impact of irrelevant atiributes.
However, LMDT is equipped with & varlable elimination
moechanism o cope with  such  circumstances.
Consequently. it is less alTecled by irrelevant atiributes
than other multivariate algorithms, In other words, LMDT

performs well because it achieves the advantage of

multivariate testing method at cach decision nodes and, at
the same time, inhibits the disadvantages of multivariate
lesting by using the variable climination mechanism. From
a statistical viewpoint LMDT represents the best machine
tearning algorithm (on balance) when the properties of the
nter-dependence of atiributes are unclear. This appears 1o
be almost always the case in machine learning experiments
where there is tvpically no time or expertise 1o commit 1o
detailed data analysis.

Hois also interesting to examine datasels where LMDT
achicves significantly lower classilication accuracy than
other experimenial algorithms. The number of these
datasets is few. In the “Tic-tac-toe” daiaset, C4.5 rules,
CN2 and Nevprop outperform LMD, In the “lonosphere”

Australian Jowrnal of fmelligent Information Processing Svstems
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Figwre 28: Wine dalaset (178 coses, 13 auributes, 3
classes). In the projection, classes are allocated in three
separated  regions  without clear boundaries. Maximal
accuracy measured is 93.4%,

-

dataset, LMDT is outperformed by 3 algorithms: (4.3,
Cd.3 rules and I'TL LMDT also gives worse performance
than K3, Q* and RBIF in the “Lung Cancer”™ datasel and
worse than QF and CN2 on the »Glass™ dataset. One of the
spectlic  characteristics o Tic-tac-toe s that all s
atiributes are symbolic. In our experiment, these symbolic
atiributes are numerically encoded (o make this data
available to algorithms working on numeric <ata (QC1,
LYVQ, TOOLDIAG). The coding 1echnique is rather
simpie: 3 symbelic atiribuic values x. o and b arc
substituted Tor three numbers 1, 2, and 3. LMDT weats
these values as numeric in its learning phase and therefore
its performance on this dataset is relatively poor.

In order to test this hypothesis, we compared measured
classification accuracies of LMDT on original syvmbolic
Tic-tac-to¢ dataset and numerically enceded data, The
average classification accuracy over 5 rung on symbolic
data was 97.6% and the standard deviation 044, The
average classification accuracy over 3 runs on numerically
encoded data is lower (81.6%) and standard deviation
much higher (3.76). Presumably, this rough numerical
encoding not only affects LMDT but also the performance
ol all other algorithms designed [or numeric data including
OCIL, LVQ, and TOOLDIAG,

75 C4.5 rules and ON2 are tess sensitive 10 this because
discrete integers are treated in the same way as symbolic
data. This phenomenon does not afTeet the neural network
learning algorithms (Nevprop and SNNS) because inleger

values are binary encoded before being used for raining,
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Figure 29: Another view o Tic-tac-toe dataset. Several

instances ol class 2 are mixed with farge numbers of

instances ol class 1 in two clusters (fop-lefl two clusters).

“Lung Cancer™ is a datagel where all three TOOLDIAG
classificrs outperform LMDT, Not only LMDY, these
classitiers outperform  all remaining  algorithms.  The
remarkable  characteristic  of  this  datasel,  mentiond
previously, is that it is the dataset with the largest nuntber
of attributes and has the smallest number of nstances,
Furthermore. classes in this dataset are distributed in well-
separated regions, Under these conditions, instance-based
lewrning (TOOLDIAG classifiers as representative) are
more effective than others because the data is insufficient
o build a reliable knowledge structure. We might well
conclude, i it were not for a single case as evidence, that
instance-based learning is recomniended when the number
of training instances are fow.

It is more ditTicult 1o argue why LMDT is oulperformed by
several algorithms on the “lonosphere”™ and “(lass™
datascts. Ireelevant altributes are present in these datasets
and they contribule o the poor performance of algorithms
using multivariate testing methods. However, LMDT
scems jess sensitive Lo such problems. Morcover, in these
datascis. the impact of irrelevant atiribules to classification
accuracics estimated by TOOLDIAG §-Nearest Neighbor
classiticr is not signilicant (sec Table 17).

There are several notable inferences from these datascts.
Firstly, the datasets contain only recal-valued attributes.
Secondly. in these datasets. Nevprop is the other algorithm
producing significantly lower classification accuracy than
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P

Figure 30: Hayes-Roth dataset (132 cases, 4 attributes, 3
classes). The ligure shows loosely distributed classes.
Maximat classification accuracy measured is 79.63%.

almost all other algorithms™ One common behavior of
these algorithms is that they normalize real-valued data in
the learning process. This occurs aulomatically in LMDT
and as a default paramcter in Nevprop §24. 6] Data
normalization is valyable because it makes the scale of the
feature values more or less the same lor all feares, This
prevents the occiusion of important feature data if s
values are small. However, normalization does sometimes
destroy valuable information [18]. In addition. Tor some
datasets, the bias of a univariate decision tree is more
approprialc23 and this is another reason why the
multivariate {esting decigion tree produced by LMDT
produces significanty lower classification accuracy than
univarigte {esting decision tree algorithms (1P and C4.5)
on these datasets.

Over-fiting taining data is a prefound problem and
avoiding it an important component of any learning

Fower than C4.5, TTL LMD, ON2, LYVQ, OC1. K5 and RBF
on Glass, Lower than C4.5, ITL LMDT, CN2, LVQ and OC1 on
fonosphere.

According o Brodley (personal  communication,  1997):
although a univariate tree is a special case of a multivariate tree,
[LMDT s bias for linding such a trec may be inappropriate for
somie lasks because it may nol (ind a wnivariate test when it
should. LMDT's variable elimination method is a greedy scarch
procedure and suffers from a preblem inherent in any hiil-
climbing procedure: it can be deceived by local maxima
Therefore, although e hypothesis space LMDT  searches
includes univariate decision trees. the heuristic natore of LMDT's
search may result in selecting a test from an inappropriate part of
the hypothesis space {7].
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algorithm. During training, the QF algorithm adds a new
prototype into the set of existing prototypes if the first
prototype nearest the training instance wrongly classifies
this instance. This addition resuits in an excessive number
of protetypes which tune to the training data reducing the
generality  of  the resulting  classifier  structure,  Thiy
pathological behavior in QF is the reason for high values
of the classification accuracy on training data and low val-
ues on testing data.

Avoiding over-Titting the training data in decision trees is
implemented using free-pruning techniques. Each decision
tree leaming algorithm implements a particular pruning
method 10 ensure the generality of the resulting knowledge
structure. However, while all other decision tree classifiers
prune away irrelevant subtrees, IT] uses a pruning in
which a subtree is represented by a leaf with a default class
and a list of exceptions. Each exception is an index to the
list of instances and an indication of its non-default class
label. In this way, the generalization of the model seems
not to be improved but in some cases it may increase the
clagsification accuracy produced by 1TI's decision tree.
This is one of the contributing reasons for higher accuracy
than that achieved by C4.5 and OCI decision trees. Our
observations are supported  through data analysis by
visualization. The difference in classification accuracy
between C4.5 rules and C4.5 is because C4.5 rules differs
from C4.5 only in that the set of rules is produced from the
unpruned tree. The generality of the knowledge structure
i C4.5 rules is ensured by the use of a rule-post pruning
technigue {281,

7 Conclusion

This comparative study of 12 machine-learning algorithms
on 29 datasets from natural domains was selected from
UCI Repository of Machine Learning Databases. The
algorithms are selected from 9 soflware packages namely:
C4.5, ITI, CN2, OC1, LVQ, LMDT, SNNS, NEVPROP,

and TOOLDIAG. The study covers a wide range of

measurement and statistical analysis in order 1o identify
the effectiveness of an algosithm on a dataset.

Our study reveals the outstanding performance of LMDT
(and SNNS) on this data. This observation is independent
of the originating source of the data, the type of attribute
values and number of fearning instances. We identify these
2 atgorithms as Group

1. The SNNS backpropagation algorithm  produces
noticeably better classification accuracy but because of its
specific characteristics™ (it can run only on a limited

HOGNNS has no built-in data normalization mechanism and
consequently requives  external  normalization  process  when
working with datasets with numerieal feature values, which are
not on the same seale. Because this process should be applied en
the whole dataset and could not be applicd separately on training
and testing sets, SNNS classification accuracy on these datasets
could not be used in comparison.

Australicn Journal of Ieelligent nformation Processing Svstems

number of datasets), its nclusion in Group 1 algorithms is
conditional.

The remaining algorithms ¢an be divided inte two groups
of relatively equal average classification accuracy. Group
2 consists of 5 algorithms: C4.5, C4.5 rules, [T, Nevprop,
amd ON2. Group 3 consists of another five algorithimg;
OCI, LVQ, and three TOOLDIAG classifiers: k-Nearest
Neighbour, Radial Basis Function Network and Q% No
algorithm within any one group is superior o another
however each algorithm of Group 1 produces significantly
better classification accuracy than algorithms of Group 2
and likewise Group 2 produces significantly better
classification accuracy than algorithms in Group 3.

Naturally, the variance of algoerithms wrt classification
accuracy is due to the way an algorithm reacts w the data
features. All experimental datasets are from nawral
domains  (except one) and contain  many irrelevant
altributes and noise. Because LMDT combines both
univariate testing methods for building the knowledge
structure and a  variable elimination mechanism  for
avoiding the effects of irrelevant attributes, it achieves the
highest  overall  classification  accuracy.  The  poor
performance of QCI, LVQ, K5, Q* and RBF classifiers is
due to the impact of irrelevant attributes, as well as over-
fitting, and the difficulties of specifying optimal {earning
parameters,
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