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Abstract

Naive Bayes (NB) is one of the most efficient and effective learning algorithms for

machine leaming and data mining tasks due to its linear computational and memory

complexities and easier implementation technique. The main focus of NB is the

simplification of Bayes Optimal Classifier. A common problem in Bayes Optimal

Classifier is the direct estimation of class-conditional probability distribution (CPD)

hom a given training data set with high dimensional feature space while finding thc

maximum a posteriori probability (MAP) hypothesis for a given example whose

prediction is not specified. Estimation of CPD from a given training data set with high

dimensional feature space requires that every possible combination of attribute values

must be available in training data which is usually not found in real life learning

domains. NB uses some approximations to eliminate this problem by using the

simplifying assumption that attribute values are conditionally independent given the

class values. If all the attributes are truly independent, NB makes the same prediction

as Bayes Optimal Classifier and NB is said to be working perfectly. But this

independence assumption is almost always violated in practice and as a result

classification accuracy of NB degrades in a large number of leaming domains. In this

thesis, wc propose a new learning algorithm of Naive Bayesian classification to

alleviate the independence assumption problem in NB: thereby, improving the

performance of NB and sustaining its optimality to all learning domains which makes

it universal. In our algorithm, a measure of attribute dependence is considered for

each attrihute. Attrihute dependence of each attribute on other attributes is estimated

from training data sel with the help of dependency equation. Most interdependent

attributes are selected based on their dependency and by applying a leave-one-out

cross validation on training data set. A subset of examples is chosen using these

attributes with their values in a test example. A local NB is applied on this subset to

classify the test example. The algorithm has been tested on a wide range of natural

and al1ificial learning domains taken from UCI machine learning repository.

Experimental result shows that the new algorithm obtains a lower error rate than that

of NB classifier, BSEJ and LBR. In some domains its enor rate is lower than that of

modern decision tree learning algorithm C4.5, LAZYDT also.
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Chapter One: Introduction

Chapter One

Introduction

In section 1.1 of this chapter we spell out the classification and associated

problems and their applications in real life problems. Section 1.2 explains the

weakness of Naive Bayesian classification and its suitability in very restricted

learning problems. Section 1.3 surveys the related works attempted to alleviate

the problems of Naive Bayesian classifier. Section 1.4 briefly mentions the

objective of this thesis and the organization of the thesis is discussed in section

1.5.

1.1 Classification and its Applications

Classilication is a (ask of selecting a hypothesis from a set of alternatives that

best fits a set of observations. In a classification task, one is given an object

having some set of attributes and is expected to correctly classify the object into

one of several predefined categories. The attribute values of the incoming

objects vary, and onc hopes that the classification can be done based on the

actual values of these attributes. In a supervised leaming scenario, the classifier

is provided with a set of training examples prior to perfomling the real

classification task. Each training example consists of an object to be classified,

as well as fhe con'ect categ01Y to which it should be assigned. Thus, during

learning phase the classifier analyzes the training examples and builds a model



Chapter Onc: Introduction

to store any knowledge which is learned about the problem space. This model is

later applied to help the classifier perform the real classification task.

Classification is an automatic and intelligent technique of machine leaming

which is widely used in many practical applications of the fields like data

n11n1l1g, infonnation retrieval, Image processing, bioinformatics, stock

prediction, medical diagnosis, weather forecastinlj etc. These applications

typically involve finding inherent pattem, extracting hidden infonnation in

massive data, predicting unknown data, discovering appropriate decision for

new situations.

A large number of machinc learning applications concern recognizing diseases

and predicting the development of diseases. In these studies patient's records are

collected and used in a classification technique to leal11 a model that can

recognize a disease or predicts its development. Medical diagnosis is known to

be subjective and depends not only on the available data but also on the

experience of the physician, his intuition and biases, and even on the psycho-

physiological condition of the physician. Several studies have shown that the

diagnosis of one patient can differ significantly if the patient is examined by

different physicians or even by the same pbysician at different time (different

day of the week or different hour of the day). Machine learning technology is

well suited for the induction of diagnostic and prognostic rules and solving of

small and specialized diagnostic and prognostic problems. Data about correct

diagnoses/prognoses is often made available from archives of specialized

hospitals and clinics, where the number of stored cases grows daily. Past records

of the patients with known correct diagnosis are used in classification algorithm

to train the classifier and medical diagnostic knowledge can be automatically

derivedli-Oln tlie description of cases solved in the past by the derived classifier.

This classi fier can then be used either to assist the physician when diagnosing

new patients in order to improve the diagnostic speed, accuracy and/or

reliability, or to train the students or physicians non-specialists to diagnose the

patients in some special diagnostic problem_ Automatically derived diagnostic

knowledge may assist physicians to make the diagnostic process more objective

and more reliable and in 1I1any studies, it is seen that classifier outperform tlie

2



Chapter One: Introduction

diagnostic accuracy of physicians specialists when physicians have available

exactly the same information as the input of the learning algorithm.

Biological data are !looding in an enormous rate and causmg the current

databases to expand at an exponential rate due to the new and efficient

experimental techniques m analyzing genomes and proteins sequences.

Conventional algorithms are becoming unable to handle the large, rapidly

expanding amount of data and to address the .real world problems due to the

complexity of biological systems and lack of fundamental theory at molecular

level. Machine learning approaches as well as classification algorithms are

becoming one of the favorite techniques in bioinfonnatics because programs

based on these approaches can learn automatically from the available data and

produces useful hypotheses.

In an information retrieval system, classification technique is used to classify a

document into groups on the basis of common content or common charactcrs.

ClassifIcation of text is the primary requirement in these systems.

In a dccision support weather forecasting system weather observing and

forecasting operations is greatly assisted with the immediate assessment of

metrological parameters when ground observations are not available. To this

end, numerical weather prediction data and satellite data from various sensors

and platforms are being used to develop automated algorithms to assist in

operational weather assessment and forecasting. Supervised machine learning

techniques as well as classification algorithms are used to develop associated

classification and parameter estimation algorithms. These approaches are used

to diagnose the sensible weather elements more accurately than numerical

weather prediction or satellite methods alone.

3
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Chapter One: Introduction

1.2 Naive Bayesian Classification and its Problems

The Naive Bayes' (NB) Model [14, 15] is an efficient and well known method

for perfonning supervised learning of classification problems. Primarily it trics

to removc some problems of Bayesian learning, though Bayes' rule provides an

optimal way to predict the class of an unknown example. But it requires that

every possible combination of attribute values must be available in training data.

Thus the application of Bayes' rule in machiile learning is restricted by the

inability to determine accurate values for class conditional probabilities. In

standard machine learning applications class conditional probabilities must be

estimated 1i.om training data. If there were sufficient randomly sampled

examples of every possible combination of at1ribute values, such estimation

would be straight-forward and acceptably reliable and accurate. However, most

combinations are not represented in the training data. Hence, class conditional

probabilities can not be calculated accurately while applying Bayesian learning.

Naive Bayesian (NB) learning circumvents this problem by assuming that all

attrihutes are independent. This assumption makes Naive Bayes simple and time

efficient, gives it a linear time complexity dependent only of training data.

Given n training examples over k attributes, the time required to learn a NB

classilier is O(nk). The independence assumption makes NB also space

clllcient. Since, after discretization, NB builds up a frequency table in size of

the product of the number of attributes, number of class values and the number

of values per attribute. Many empirical comparisons between NB and modern

decision tree algorithm such as C4.5 [20] show that NB predicts equally as well

as C4.5. NB is robust to the domains with noise and irrelevant attributes. NB

considers evidence from many attributes to classifY examples. This is important

when many attributes affect the classification. However, when the attribute

independence assumption of NB is violated, which appears to be very common

and realistic, the performance of Naive Bayesian classifier becomes very poor

and classification accuracy degrades. In other words, the perfonnance of N13

classifier in this kind of domain can be further improved.

4



Chapter One: Introduction

1.3 Literature Review

A number of approacbes have been sought to alleviate the independence

assumption problem of Naive Bayesian classifier. It includes NBTree (12], LBR

[24], RBC [16], BSE) [19] etc.

NBTree is a hybrid approach combining the Naive Bayesian classiller and

Decision tree leaming. It uses Bayesian tree method to split the instance space

into sub-spaces and generate one Naive Bayesian classifier in each sub-space.

While splitting the training space into subspace it suffers from small disjuncts

problem of tree leaming [10]. NBTree frequently achieves higher accuracy than

a Na'ive Bayesian classifier or Decision tree learner but enor rate increases due

to the problem of small disjuncts.

LBR [24] (Lazy learning of Bayesian Rule) uses a lazy leaming technique to

learn a Bayesian rule. It retains all training example until classification time.

Before classifying a test example, LBR generates a rule called Bayesian rule that

is most appropriate to the test example. For a given training set and each test

example, LBR starts from a special Bayesian rule whose antecedent is true. Its

local naive Bayesian classiller in the consequent part is trained on the entire

training set using all attributes. This Bayesian rule is identical to a conventional

nalve Bayesian classifier. LBR then uses an extensive search to grow an

antecedent that matches the test example, with the aim ofreducing the errors of

its local naive Bayesian classifier. During the growth of the Bayesian rule each

candidate Bayesian rule is evaluated by perfomling an N-fold cross validation

estimation of its local naive Bayesian classifier on the local training set. At each

step of the search, LBR tries to add, to the current Bayesian rule, each attribute

that has not already been in the antecedent of the rule, so long as its value on the

test example is not missing. The objective is to determine whether including a

test on this attribute can significantly improve upon the classification accuracy.

At the end of this step, the candidate attribute-value pair with lowest measure is

added to the antecedent of the cunent Bayesian rule. All the current local

training cxamples that satisfy this attribute-value pair form the local training set

5



Chapter One: Introduction

to the new Bayesian rule, while all other examples are discarded. This process is

repeated until no candidate attribute-value pair can be found. This happens when

further gro\ving of the Bayesian mle would not significantly reduces error. Then

the growth of Bayesian rule stops. Local naive Bayesian classifier of this

Bayesian rule is used to classify the test case. LBR ignores attributes with

missing value in the test case. It requires exte)lsive computation while

generating Bayesian rule for a test example. While applying LBR on a dataset of

small size, it can not improve the perfonllallce of Naive Bayesian classifier.

LBR is similar to LAZYDT [9] with respect to perfonlling lazy learning of

decision rule.

LAZYDT generates decision rule at classitication time and a subset is cbosen by

this rule. Then a majority vote is applied in the subset to classify the test case.

Consequent of a rule in LAZYDT is a single class that is used for classification

whereas LBR uses a local Naive Bayesian classifier in the consequent of a rule.

RBC [16] alleviates the attribute inter-dependence problem ofNB classification

by identifying regions of the instance space in which the independence

assumption holds. It recursively splits the instance space into sub-spaces using a

tree structure. Each internal node of the tree is a naive Bayesian classifier that

divides the local training examples at the node into clusters of which each

cOlTesponds to an instances sub-space of the (sub) space at the node. When a

cluster consists of training examples from only one class the tree growing

procedure halts. RBC performs well on artincia! domain but did not prove

superior to NB on a set of natural domains.

I3SE.! [19] (Constructive Bayesian Classifier) uses constructive induction and

attribute deletion to alleviate the attribute independence assumption prohlem of

NB classifier. It uses an extensive search at each step to delete one attribute or to

create one new attribute through joining two attributes (by generating the

Cartesian product of two attributes). It starts from the set all original attributes

and stops when neither join nor deletion can improve upon the accuracy of NI3

classifier estimated using N-CV on the training set. The NB classiner built on

the current set of attributes including new attributes is retumed as the final

6



Chapter One: Introduction

classifier. This requires enOlTI10UScomputational time in attribute deletion and

addition.

1.4 Objective ofthe Thesis

Classitication algorithms of Machine Learning Technology are comprehensively

used in the fields like data mining, pattelTI recognition, image processing,

bioinformatics etc. Research work is being continued to develop efticient

classitication algorithm and to boost up the perfOlTIlanCe of existing

classification algorithms. The present research focuses the enhancement of tile

most well known optimal learning algorithm "Naive Bayesian (NB) classifier".

The objectives of the present research are as follows:

.:. Investigation and elimination of the problems ofNB classification .

•:. Analysis of existing algorithms improving the perfOlTIlanCe of NB .

•:. To dcvelop an efficient Icarning algorithm ofNE classification and improve

the performance 0 f NB.

•:. To observe the effect of training data set size on the perf01l11anCe of the

proposed leatning algorithm .

•:. To make the learning algorithm applicable to small size as well as large size

of dataset.

7
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1.5 Thesis Organization

The remaining pali of this thesis is organized in four chapters. Chapter 2

describes the problems of Bayes' theorem, evolution of Naive Bayesian

classification. Some recently developed algorithms improving the performance

of NB are also discussed in this chapter. Attribute dependence, proposed

algorithm, flow chart, working procedure and description of the steps of

proposed algorithm using example data sets of Soybean and Zoology domain are

delineated in chapter 3. Chapter 4 illustrates detail description of experimental

analysis for a wide range of nahrraJ and artificial learning domains including

domain descriptions, attribute dependence and enor rate chart for each domain.

Conclusions of the obtained result are presented in Chapter 5.

8



Chapter Two: Bayesian Learning

Chapter Two

Bayesian Learning

Section 2.1 of this chapter explains Bayes' theorem and its application to

classification problems. We illustrate the difficulties arising out in direct

application of Bayes' theorem to classification problems. SectiOll 2.2 explains

how Naivc Bayesian classification evolves ti'om the original Bayes' theorem by

adopting some simplifying assumption. Adoption of this simplifying assumption

makes Naive Bayesian approach inapplicable to most of the real world

problems. Some recent algorithms for alleviating the Naive Bayesian problem

are discussed in section 2.3. Section 2.4 briefly explains our approach to solve

the problems of Naive Bayesian classification.

2.1 Bayes' Theorem and its Problems

In many machine leanling applications, we are often interested in determining

the best prediction of a test example whose attribute's values are given but class

value is not specified, given a set of training examples. In training examples

both the attribute values and class values of each example are given. One way to

specify what we mean by the best prediction of test example is to say that we

demand the most probable prediction of the test example. Bayes theorem

provides a direct method to calculate the most probable prediction of <In

unknown example. Let us assume that we are given a set of training examples

which has attributes A, through Ak and an associated class C. Each attribute <Ind

class of each example in training data has a discrete value. We consider a test

example whose class value is unknown hut attributes A I through Ak have the

9
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values a',....,ak, Thus the test example can be described

as AI :::::0 al ' A~ :::::0 a~, A.1 :::::0 aJ, , A~:::::o al. ' Class C.:::::O ullknowlI . The optimal prediction

of the test example is class value c such that p (c = c I A, = ", A A, = IIJ is

maXll11U111.

By Bayes' rule this probability equals,

ptA, =a, A" .."A,=II, IC=c,) p(C=c,)
P(AI =(lI/\ AI.:::::oa".)

(2,1)

P(C~Ci) = Prior probability of class Ci

P (A, = 0, /\ "",.Ak = Ok) = Example Probability

P (A, = (f, 1\ "" ..A, = il, I C = c,) = Class conditional probability

Ci ~ i Iii value of class C

The prior probability of a class can be estimated from training data, The

examplc probability is irrelevant for decision making since it is same for each

class value c, Learning is therefore rcduced to the problem of estimating the

class conditional probability from training examples,

We know conditionalized version of product rule as:

[peA A BI E)=P(AI B AE)p(BI E)]

Using this rule class-conditional probability can be written as:

ptA, =II,IA, =(f, A ...."A,={f, I\C=cJ ptA, =a, 1\" ....A, = {f, IC=c,)
Recursively the second factor can be written as:

peA, =({,IA\ =0,/\ Ai=o!.AC=CJ.P(A.1 :::::oaJ /\ Ai=(l, IC=c;)

In this way class conditional probabilities can be written in expanded from as:

ptA, =(f, 1\."."A,={lk IC=c,)=P(A, =a,IA, =11, A"""Ak={I, I\C=cJ

xP(A4 =041\""'.A,=o, IC=c,)
(2,2)

and so on,

All factors in equation (2,2) must be calculated from training examples, From

equation (2,2) it is seen that Bayes' rule requires that every possible

combination of attribute values must be available while calculating class

10
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Chapter Two: Bayesian Learning

conditional probabilities. In practical training data set, all possible combination

of attribute values are not easily found since large number of examples is not

available in training data set. Therefore calculation of class-conditional

probabilities contains error. Hence classification accuracy goes down III

Bayesian learning. This problem is alleviated partially in Naive Bayes'.

2.2 From Bayes to Naive Bayes'

One highly practical Bayesian learning method is the Naive Bayes learner, often

called the Naive Bayesian c!,i,sifier.' The naive Bayes classifier i's based on the

simplifying assumption that the' attributes are conditionally independent given

the class value of each example in the training data set. Suppose we assume for

each attribute Ai that its outcome is independent of the outcome of all other

attributes Ai> given c, then first factor at the right hand side of equation (2.2) can

be written as:

P (A, = {I, IA, = {I, /\ ..... .11, = {I, /\ C = cJ = P (AI = GI Ie = c,).
Similarly second factor at the right hand side of equation (2.2) can be written as:

1'(04, ={/,IA, =(/j 1\ ..... A,={/, I\C=c,) =P(A, =a,IC=c,)

The third factor will be:

For A4 through Ak similar expressions follow.

Thus class conditional probabilities transforms as:

P (AI = ul /\ .•••• AI, = ul, Ie = eJ

By assuming i = I .....k and attributes are mutually independent within each

class, class-conditional probabilities transforms as:
,

P (A, = {/ I 1\ A, = (/, I C = c,)= n P ( A, = (/, IC = c,)
! 0; I

lfwe put this value in equation (2.1) and discard the example probability as it is

same for all class values, equation (2.1) transfonlls as follows:

k

== argmax ,1",,,,,,,1,,, ',E (' p(C = cJTI P(Ai =Qi Ie = ci)
i=l

11



Chapter Two: Bayesian Learnirlg -

This equation is known as Naive Bayesian equation. Independence assumption

makes Bayesian learning easier in Naive Bayes' and classification accuracy in

NB increases more than that of Bayesian learning in many domains. But a large

number of domains violate this assumption of NB and classification accuracy

degrades.

2.3 Recently Improved Algorithms

A number of algorithms have been developed to remove the independence

assumption problem of Naive Bayesian classifier. One of them is LBR [25]

which uses a lazy learning technique to classifY an unknown example. It retains

all training example until classification time. It requires extensive computation

while classifying a test example. While applying LBR on a dataset of small size,

it can not improve the performance of Naive Bayesian classifier. A recent

improvement in LBR has been made which is known as "A heuristic Lazy

Bayesian rule algorithm" [25]. In this improvement, LBR is compared with tree

augmented Bayesian classifier and a new heuristic LBR classifier is fornJed by

combining the elements of the two. It reduces the computational overhead of

previous version but prediction accuracy remains same. Another improved

implementation of BSE! [19] is BSE [24]. BSE is selective naive Bayesian

classifier similar to BSE.J except that each step of greedy search, BSE only

considers deleting one existing attribute whereas BSE! considers both deletion

of existing attribute and creation of new attribute from two nominal attributes.

Cartesian product attribute formed from two nominal attributes is a nominal

attribute whose value set is the Cartesian product of the value sets of the

nominal attributes. For example, two nominal attributes A and B has the value

sets .:a I, a2, a3l- and .:bj, b::d respectively. The Cartesian product attribute formed

from A and B has the value set {a,b], a]b2, a2b" a2b2, aJb" aJb2}. BSE reduces

the computational overhead of BSE.J but accuracy is kept unchanged.

12



Chapter Two: Bayesian Learning.

2.4 Our Approach

In our algorithm, to alleviate the attribute independence assumption problem of

Naive Bayesian classifier we consider a measure of attribute dependence lor

each attribute in the training examples. The dependence of each attribute on

other attributes is calculated using dependency equation described in the next

chapter. Attributes are ordered according to its dependencies in descending

order. Most inter dependent attributes are selected using leave-one-out

procedure. These attributes with their values found in a test example are used to

select a subset of examples from the training examples. A local Naive Bayesian

c1assillcation is applied on this subset of examples to classify the test example.

13



Chapter Three: Proposed algorithm

Chapter Three

Proposed Algorithm

In this chnpter, we describe n new nlgorithm to nlleviate the independence

nssumption problem in Nnive Bnyesian clnssification. The steps of the proposed

nlgorithm, flow chnrt and pseudocode of the algorithm, attribute dependency,

dependency equntion and the procedure for selecting the final rule from the

cnlculated enor rate nre dcscribed in detail in Section 3.1. Section 3.2 gives n

detni! dclinention of proposed algorithm using two popular datasets Soybean nnd

Zoology domnins.

3.1 Operational Description of Proposed Algorithm

We propose n new algorithm which mitigates the independence assumption

problem in Nnive Bayesinn (NB) classification and mnkes it applicable to

various natural and artificial domains. The algorithm is appJicnble to domnins of

both smnll and large dataset size. In this algorithm a test example is classified by

choosing a subset of examples from the training datn and applying n local N13 on

the subset. The subset is chosen with a selection criterin based on most

interdependent nttributes nnd their vnlues in the test exnmple. The main steps oj"

the nlgorithm nnd the working procedure are ns follows. Fig 3.1 gives the flow

diagram nnel Fig 3.2 gives the pseudocode of the algorithm.

14
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Step 1: We take a data sct as initial training data Ti of total "m" examples ano

"L" attributes.

Step 2: We find the distinct values of each attribute from the training data. An

attribute of an example in training data has a specified value. This value may be

repeated in other cxamples of the training data. But we consider only the distinct

values for a particular attribute in all training examples. If the example has no

specified value for a particular attribute, we consider it as a missing value and in

our algorithm it is taken as a new type [11] of value for that attribute.

Step 3: In this algorithm we mitigate the independence assumption jJroblem in

Naive Bayesian classification. For this purpose, we find attribute's dependency

on each other. Hence, we compute a measure of attribute dependency of each

attribute on other attributes from training examples by the help attribute

dependency equation (3.1). We describe attribute dependency and dependency

equation later in this chapter.

Step 4: At this step, attributes are ordered based on their dependcncy in

descending. This helps us to choosc the highest dependency attribute first. This

ordered attribute set is denoted as An.

Step 5: From the ordcred attributes set Ai), "AL", the highest dependent attribute

is selected. An example TE is chosen from initial training data Ti. Attribute AI.

with its value in one training example is taken as iteration rule "R".

Step 6: N-fold cross validation process is started. At each step of cross

validation the value of the highest dependent attribute is the value of the

corresponding attributc of the cxample cUlTently under classification in present

step of cross validation based on rule "R".

Step 7: We choose a subset "S.,." of examplcs from (Ti - TEl examples.

Step 8: A local Naive Bayesian classification is applied on the subset "ST". We

choosc only the attributes for local NB that are not used in iteration rule "R". All

15



Chapter Three: Proposed algorithm

class conditional probabilities and pnor probability of each class value are

computed based on the subset of examples "S/'. According to Naive Bayesian

theorem [2.2] described in chapter two, the example TE is classified.

Step 9: If all the examples of training data Ti are classified, calculate the error

rate other wise we go to step 6.

Step 10: If all "L" attributes of training data.Ti is encountered in the iteration

rule "R" then we find the tinal rule which has the lowest error rate other wise we

go to step 5. In step 5, next available highest dependent attribute witb its value

in one example is and-ed with its previous rule and the execution continues with

slep 6.

Step II: For any test example, the attributes in the final rule with their values in

the test example are used to choose a subset of examples from the training data.

Then a local NB is applied on this subset. All class conditional probabilities and

prior probability of each class value in the subset are computed. Only the

attributes that are not included in the final rule are used in local NB. The test

example is classified using the Naive Bayesian equation [2.2] using the already

calculated probabilities.

In our algorithm, we encounter the attribute dependency to select most

interdependent attribute while generating the iteration rule. At each step, enor

rale is calculated to find the best rule. The attribute dependence and the process

of selecting Ihefinal rule from enor rate of cross validations are nanated in

detail in the next sub sections.

16
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3.1.1 Attribute Dependence

The dependence of an attribute AM on other attribute Ai can be defined as [2]:

IiIj.P[A=V .. )IiMrp[ALI =VA1. IA=V.)2 -P[AA1 =VA1. )21
I I IJi . l w. IJM I IJI IJM

IHAi;"AM}1

(3.1 )

Attrihute AM is independent of all other attributes, Ai, if equation (3.1) equals to

zero. It is possible only when,

lp[AA1=VAf, IA.~V)2_f'[AAf~VA1' )2]~O
, '.lM I lJi '.1M

( Ai = Vii; ) = j th value of attribute Ai

P (AM = VIII' ) = Prior probability of the jth value VMI. of attribute AM
'.Af -Af

P (AM = VMI,'I IAi = Vii, ) ~ Conditional probability of (AM = VMi,'1 ) given

that A, = V,i.,

P (Ai = l~i; ) ~ Prior probability of the jth value Vii; of attribute Ai

From training data set we calculate the aforesaid probability terms and putling

these valucs in equation 3.1 we can calculate the attribute dependency of each

attribute of the training examples.

3.1.2 Selection of Final Rule from the Error Rate

To quantify the concept of true error rate, we make the following deJinitions

which are essentially the same as those in [3]. Let an example be x = (t, y),

where t stands for the features of the example and y is the true classi fication of

the example. Suppose a leaming algorithm constnrcts prediction rule ll(t, X)

from training set X.

Let '7j=17(tj,J..} be the prediction on example xi and let Q(V" 17,) be the error of

the learned rule on that example.

17
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We define Q as:

Q(y"I/) = 0
=1

if '7, = y,
if 77, *- y, (3.2)

We then define true error rate (Err) as the probability of incorrectly classifying a

randomly selected example X = (T Y), that is the expectation:-
() 0' II

(3.3)

Here "F" is the distribution of training examples and "EF" is the probability of

selected example. Cross validation estimates error by reserving part of the

training set for testing the leamed theOly. In general, v-fold cross

validation(randomly) splits the training set into v equalized subsets, trains on (v-

I) ofthem and tests on one of them. Each subset is used once as the test set (i.e.,

left out of the original training set). A common choice for v is the size of the

original training set. Since each subset contains one element, this is called

'Ieave-one-out' (n=l) cross validation. We define 'leave-one-out' cross

validation estimate of error as:

Err(cv)= X IQ(y"ryU"X(i»)
I (3.4)

Where XCi) is the training set with xi removed and '7(1 X . ) is the rule learned
" (11

fj.OI11XCi). At first iteration, leamed rule is:

'Iil ::::Attribute with highest dependency with its value in one of the example
. En(cv) is calculated at each iteration. At next iteration second highest

dependency attribute is and-ed with '7i1 and Err (cv) is calculated again.

Now, learned rule is:

'I,~::::'Iii 1\ A f(ribute with sec ond highest dependency with its vallie ill oneol the example

This process continues until all attributes encountered once.

The final learned rule will be all attributes and-ed with their values in one

training eXaml)le: II. := 1} A '1,1\'11, 1\..
11/ II I. ,3

which produces l11inimum error rate (i.e., which gives a I11l11lmUI11value for

En(cv)). This rule is used to classify any unknown instance 1, I"X.

The flow chart is as follows:

18
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Initial training set Tj , Total
example~m, Total Attribute~L

Find distinct values of each attribute
n-om Tj

Find dependency of all attributes in '1',

All ~ Ordered attributes based on
dependency (descending).
Take initial rule R=True

;\L~Next availahle highest
dependency attribute in AIl,1{~I(A AI.

Use N-fald cross validation(n~ I), Test
case 'I' E , ( '1'" E '1',) ,
Training S= (Tj - T[) examples

ST=Choose subset from S hased all R

Apply NB on S." use attributes (AD -R)
only, Classify test case
Q(TJ,R)=IO,l]

~

Figure 3.1: Flow chart of proposed algorithm.
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Cilaptcr Three: Proposed algorithm

The pseudocode of the algorithm is as follows:

NBDependency(Tlraining, Ecxample)

Input:

'1'1";";"": A set of training examples having a total of L attributes and

m examples with attribute values and class values are known.

Em",pl, : A test example whose attribute values are given but class

value is unknown.

Output:

A predicted class for the test example Ee."",pk.

ror each attribute in T1nlining Do

Find distinct values of the attribute.

For each attribute in Ttl<lllling Do

Use distinct values oftbe attribute.

Use all examples in T1f;)ining

Find dependency of each attribute using dependency equation.

:11 put sorted attributes in an.ay AD[].

AIJ[L] : ~ Sorted attributes on dependency in descending.

R : =True IIInitial iteration Rule

ErrorOfEachlteration r L.I : = <1' II a set of error at each iteration, initial value

null.

For I' : ~ () to L Do II For each attribute gencrate an iteration rule R.

A : = AI)[ I' ]

II. : =R f\ A

II Next available highest dependency

attribute.

II Attributes of each iteration Rule.

Illnitial set of tested example is null.

20
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Chapter Three: Proposed algorithm

Fork:=Otom-1 Do II For Each test example in T",;,,;,," classily

each test example.

IIAppfy Leave-One~Out cross Validation

on T1r<.lining.

c : = One eXall1ple from T1mining

If e '" E",,,d then I: = e II Choose test case

S : = Ttmilling - I II Training set

C : =True II Selection criteria, initial value = True

For q : ~ 0 (0 pDo II Make selection criteria taking all

attributes in R for each test

instance 1.

C : ~ C 1\ A with its value in I

T~lIhsCI A set of examples hom S that satisties the

condition "C"

For j := p+ 1 to L Do

II Take attributes for (NB) that are not in "C"

AttributesForNB [j - (I' + I) ] : = An[ j ]

Apply NB on T",bsc, and classify I , use attributes that

are in AttributesForNB [j ] only.

E,,,,,,, [ k ] : = I

II find error rate

If "I" is correctly classified Then

{

Y:=O

21
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Else

{

Y:~l

TotalError: = TotalError + Y

ErrorOtEachIteration [I' ] := (lIm) * TotalError * 100
II Error rate in percent

FinalRule := Select rule R having lowest error rate in ErrorOtEachlteration[L].

Choose a subset from T",;";,,gby using attributes in FinalRule with their values

in Ecx;llllplc

Apply NB on this subset, use attributes not in FinalRule, classify Emmple

End.

Figure 3.2: Pseudocode of proposed Algorithm.

3.2 Detailed Working Procedure

The new algorithm is explained using two popular dataset Soybeau and Zoology

domains

3.2.1 Applying Proposed Algorithm on Soybean Dataset

The main classification task is to find the diseases categories of a Soybean plant

li.Dln a given set of attribute values. The data set is widely used in many

classification algorithms in the past [7, 24]. The data set has a total numher of

instances 683. The missing values in the attributes are denoted by"'?". Attributes

are (1. date, 2. plant-stand, 3. precip, 4. temp,S. hail, 6. crop-hist, 7. area-

damaged, 8. severity, 9. seed-tmt, 10. gemlination, 11. plant-growth, 12. leaves,

13. leafspots-halo, 14. leafspots-marg, IS. leafspot-size, 16. leat~shread, 17.

leat~mal1; 18. leaf-mild, 19. stem, 20. lodging, 21. stem-cankers, 22. canker-

lesion, 23. fruiting-bodies, 24. external decay, 25. mycelium, 26. int-discolor,

22
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27. sclerotia, 28. fruit-pods, 29. fruit spots, 30. seed, 31. mold-growth, 32. seed-

discolor, 33. seed-size, 34. shriveling, 35. roots, 36.Class ).

Step-]: First we find distinct values of attributes of the domain from training

set. These values are given in the following table. Here header row of the table

gives the name of the attributes. Attribute name "A I" means this is the first

attribute in the attribute information list described at early paragraph in this

chapter whose actual name is "Date". Renaming the attribute in this way does

not affect the rest of the procedure. Next rows in the table are the distinct values

of their attribute in the corresponding column. Missing attribute values are

denoted by "?",

Table 3.1: Distinct values of attributes of Soybean domain. Total of 35

attributes exist in the domain. Some attributes have missing

value in the examples. This is denoted by "'I". This means a

particular example has no value for this attribute.

At A1 A3 A4 AS A!> A7 A8 A9
., ., ., ., ? ? ., ., .,
a lril II-nonnal Igt norm 't-nolln no diff-lst-vear low-areas minor fungicide

aU"llSl nOllnal lI-nor111 li-non11 Ives samc-lst.sev-vrs scattered lot-severe none

july norm nOl1l1 same-Ist-twa-vrs Ullllcr-areas severe olher

Ijtll1C smllc-lst-vr wholco-field
Imay

october

sCplcmbl.:l

Con tin nation of Table 3.1
AIO All AI2 AI3 AI4 AIS 1\16 AI7 AI8 All)

80-89 ., abnorm ., ., ., , ? ., .,

l)()-IOOabllOrlll nann absent Dna dna abscnl absent absent abnOrill

? norm no-ycllow-ltalos llO-W-S-lnarg gl-I/S lrescnt nresent lower-surf nOl1n

1t-80 ycllow-halos w-s-marg It-liS upper-surf

23
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Continuatiou of Table 3.1
A20 A21 An An A24 A25 A26 A27 A28
., ., , '! " " ? ? '?

no above-scc-lldc brown absent absent absent blaek absent diseased

ycs above-soil dk-browll-blk prcsent Finn-and-dry )resent brown IDresen! dlla

Abscnt dna watcry none few-rrescilt

below-soil tan noml

Continuation of Table 3.1
A21) A30 A31 A32 A33 A34 A35 Class

" " '? '? " , " 2-4-d-injmv

abscnl 'lbnorm <.Ihscnt abscnt It-norm <.Ibscnt '<.Ills-cysts a Item ari a Iea f-spo t

hrowl1-
\'/blk-sllccks norm )reSenl )l'cscnt norm )resent norm Anthracnose

colorcd rotted b<.lctcrial-blight

dna haClerial-nuslule

brown-spot

brown-stem-roL

charcoal-rot

cyst-nelll<.l!ode

d ianorth c-nod-&-s tClll-b Iig ht

d i<.ll)Qrthe-stem-canker

downy-mildew

frog-eye-Jeaf-spot

helbicidc-inj llry

Phyllosticta-Iea r~spot
. )hyLonhthora-rot

JOwderY-lllildew

Hlr 11 c-sccd-stai n

rhizoctonia~root~rol

Step-2: Now we find the attribute's dependencies from the distinct values of

attributes and training examples using dependency equation. The attributc's

dcpendencies are given in the following table:
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Table 3.2: First column of the table gives the abbreviated name of the

attribute in the training data. Middle column gives the

dependency of each attribute. All of the 35 attributes'

dependencies are given in this table.

Attribute Dependcncy Attribute 81 No(O-35)
Name
A29 0.17411481477680107 28
A34 0.16655758587323488 33
A20 0.16401849410315217 19
A32 0.1576619031391632 31
A23 0.1569907694989127 22
A33 0.15110309842271025 32
A5 0.14784659182398138 4
A28 0.14765412809728 27
AI4 0.144042511013062 13
A18 0.14200400939156918 17
A30 014102965218211927 29
A8 0.14087462579066126 7
A13 0.1356451968968302 12
A35 0.13481602313402816 34
A15 0.13448928296769305 14
A9 0.12866330569656903 8
A3l 0.1250136954522472 30
A17 0.12250635559331303 16
A16 0.11836843806578816 15
A22 0.11706404499400117 21
All 0.11627402988184009 10
AIO 0.11082311042285567 9
A21 0.10183103940935141 20
Class 0.09506869181147803 35
A19 0.0917037946433417 18
A2 0.07673799037532297 1
A24 0.0660153731569228 23
A3 0.05974218290098993 2
A26 0.05455056319917149 25
An 0.04840329545949396 26
A25 0.0451979618506194 24
A4 0.04482361659593675 3
A7 0.04047682579518786 6
AI 0.020209091031211456 0
A12 0.018752830150328265 11
A6 0.012983205058785969 5
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Step-3: The dependencies calculated are ordered in descending. A graphical

presentation of ordered values are given in the following figure for convenience.

Attribute dependency is plotted against the attributes.

Attribute Name

Figure 3.3: Here horizontal axis denotes the attribute's name and vertical

axis denotes the attributes dependencies.

We see in the chart that "A29" has the highest dependency.

Step-4: In this step we successively choose the next available highest

dependency attribute and it is And-ed with its previous iteration rule and a

leave-one-cross validation is applied in each iteration to tind the best rule having

lowest error rate. The detail procedure and some intermediate calculation (Class

conditional probabilities, prior probability of the class etc.) of local NB classifier

at each iteration are given in the following:

26
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First iteratioll(A29).

From attribute dependency chart we see that attrihute "A29" has the highest

dependency. Hence first iteration contains only attribute "A29". We apply

Leave-One-Out cross validation here and classify 683 examples.

Example-I: Classifying a test example from one of the 683 examples in

Leave-One-Out cross validation procedure for tirst iteration:

Table 3.3: This gives a description of an example taken from the training

data. First column of the table gives the abbreviated name ofthe

attrihute. Second column gives the corresponding values of each

attribute in the example.

Attribute Attribute values in the
Name example

al july
a2 normal
a3 It-norm
a4 norm
as yes
a6 same-lst-yr
a7 upper-areas
as pot-severe
a9 none
alO 90-100
all a11no1111
a12 abnonn
al3 absent
a 14 dna
al5 dna
a16 absent
,,17 absent
al8 absent
al9 abnonn
a20 yes
£121 absent
a22 tan
a23 absent
a24 absent
a25 absent
a26 black

27
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Continuation of Table 3.3:

Attribute Attribute values in the
Name example

a27 present
a28 norm

a29 dna
a30 norm

a31 absent
a32 absent
a33 nOl111

a34 absent
a35 norm

We take the values of attribute "A29" in this example and make a selection

criteria: a29 ='dna'; and choose a subset based on this selection criteria from 682

examples excluding this example (Note that total example in training set =

683). The total number of examples that satisfies this selection criteria is 99.

Thus total number of training examples for local NB is 99.

Selection criteria for subset: a29 = 'dna'

Subset Total Example: 99.0

Total class categories in this subset: 5

We apply a local Na'ive Bayes' on this subset of 99 examples. Attributes I,)r

local Naive Bayes' with their values in test example (Exclude subset generating

attribute "A29", include all other attributes) are as follows:

Table 3.4: Local NB attributes of example-I: This gives a description

of attributes for local NB of example-l. First column of the

table gives the abbreviated name of the attribute. Second

column gives the corresponding values of each attribute in the

example.

Attribute Name Attribute values in the
test example

al July
a2 Normal
a3 It-norm
a4 norm

a5 Yes
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Continuation of Table 3.4:
Attrihute Name Attribute values in the

test example
a6 same-Ist-vr
a7 upper-areas
a8 pot-severe
a9 none
alO 90-100
all abnonll
a12 abnOTIll
al3 absent
al4 Dna
a15 Dna
al6 absent
al7 absent
a18 absent
a19 abnorm
a20 Yes
a21 abscnt
a22 Tan
a23 absent
a24 absent
a25 absent
a26 black
a27 present
a28 norm
a30 norm
a31 absent
a32 absent
a33 110rm
a34 absent
a35 norm

The name of the classes in the subset are as follows:(brown-stem-rot,

charcoal-rot, diap011he-stem-canker, phytophthora-rot, rhizoctonia-root-rot)
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We calculate the class conditional probabilities for class value "brown-stem-

rot". These are as follows:

Class conditional probabilities for class valne = brown-stern-rot

Pia 1=July I browl1-stem-rot): 0.24286856838176485
P(a2=l1ormall brown-stem-rot): 0.45614502799253537
P(a3=lt-nonn I brown-stem-rot): 0.5097307384697414
P(a4=nonnl brown-stem-rot): 0.36790189282857905
P(a5=yes I brown-stem-rot): 0.5578512396694215
1'(a6=same-lst-yr I browl1-stem-rot): 0.11276992801919489
P(a7=upper-areas I brown-stem-rot): 0.29192215409224204
P(a8=pot-severe I brown-stem-rot): 0.6336976806185017
P( a9~none I brown-stem-rot): 0.49506798 J 8715009
P(alO=90-100 I brown-stem-rot): 0.3400426552919221
P(a 11=abnonn I brown-stem-rot): 0.9390829112236736
P(aI2=abnonnl brown-stem-rot): 0.5351906158357771
Pia 13=absent I brown-stem-rot): 0.5293255131964809
Pia 14=dna I brown-stem-rot): 0.5293255131964809
Pia 15=dna I brown-stem-rot): 0.5293255131964809
P(aI6=absent I brown-stem-rot): 0.9738736336976805
Pia 17=absent I brown-stem-rot): 0.9828045854438816
Pia 18=absent I brown-stem-rot): 0.9802719274860037
Pia 19~abnonn I brown-stem-rot): 0.9584110903758998
P(a20~yes I brown-stem-rot): 0.2509997334044255
P(a2l ~absent I brown-stem-rot): 0.9594774726739536
P(a22=tanl brown-stem-rot): 0.9176219674753399
P(a23=absent I brown-stem-rot): 0.9720074646760863
P(a24~absent I brown-stem-rot): 0.9752066115702479
P(a25~absent I brown-stem-rot): 0.9941348973607038
P(a26=black I brown-stem-rot): 0.002532657957877899
P(a27~present I brown-stem-rot): 0.002532657957877899
1'(a28=l1orm I brown-stem-rot): 0.9632098107171421
P(a30~n011111 brown-stem-rot): 0.9724073580378565
P(a31 =absent I brown-stem-rot): 0.9788056518261796
P(a32=absent I brown-stem-rot): 0.9773393761663556
P(a33=nonn I brown-stem-rot): 0.9798720341242335
P(a34~absent I brown-stem-rot): 0.9808051 186350306
P(a35=nonnl brown-stem-rot): 0.9824046920821115

Now we calculate class ahsolute probability.
Base rate of the class: P(brown-stem-rot): 0.20202020202020202

Class Narne-brown-stem-rot, [(Product of all Class conditional Probability)*Base
rate of tile class]: 6.227878140110804£-13
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Again, we calculate the class conditional probabilities for class value "charcoal-

rot". These are as follows:

Class conditional probabilities for class value = charcoal-rot

Pta I=.Iuly I charcoal-rot): 0.1 I 157659544756318
P(a2=non11all charcoal-rot): 0.9540566959921799
P(a3=lt-norm 1charcoal-rot): 0.9149560117302052
P(a4=non111 charcoal-rot): 0.24256388772517803
P(a5=yes I charcoal-rot): 0.44155844155844154
P(a6=same-lst-yr I charcoal-rot): 0.21337801982963273
l'(a7=upper-areas 1charcoal-rot): 0.44868035190615835
P(a8=pot-severe 1charcoal-rot): 0.9495880463622399
P(a9=none I charcoal-rot): 0.4710236000558581
Pta 10=90-1 00 1charcoal-rot): 0.26099706744868034
l'(a11=abnorm 1charcoal-rot): 0.9361820974724201
P(a12=abnon11 1charcoal-rot): 0.989247311827957
. P(a 13=absent 1charcoal-rot): 0.935483870967742
P(a 14=dna I charcoal,rot): 0.935483870967742
P(aI5=dna 1charcoal-rot): 0.935483870967742
P(aI6=absentl charcoal-rot): 0.9726295210166178
Pta 17=absent I charcoal-rot): 0.9819857561793046
P(a 18=absenll charcoal-rot): 0.9793324954615277
Pta 19=abno1111I charcoal-rot): 0.9564306661080855
P(a20=ycs 1charcoal-rot): 0.8343806730903505
l'(a21 =absentl charcoal-rot): 0.9575478285155704
P(a22=tan 1charcoal-rot): 0.9136992040217846
P(a23=absent 1charcoal-rot): 0.9706744868035191
P(a24=abscntl charcoal-rot): 0.974025974025974
l'(a25=absent I charcoal-rot): 0.9938556067588326
P(a26=bJack 1charcoal-rot): 0.9074151654796816
P(a27=presenll charcoal-rot): 0.9074151654796816
P(a28=n011111 charcoal-rot): 0.961457896941768
P(a30=n01111 I chal'coal-rot): 0.9710934227063259
P(a3t =abscnt 1cbarcoal-rot): 0.9777963971512359
l'(a32=ahsentl charcoal-rot): 0.976260298840944
P(a33=norm 1charcoal-rol): 0.9789135595587208
P(a34=absent I charcoal-rot): 0.9798910766652702
P(a35=no1111 I charcoal-rot): 0.98 J 5668202764977

Base rate of the class: P(charcoal-rot): 0.1919191919191919

Class Name-charcoal-rill, [(Product of all Class conditional Probability) * Base rate
01"the class]: 7.193591316202711 E-6

Class conditional probabilities for class value = diaporthe-stern-eanker

Pta 1=july I diaporthe-stem-canker): 0.24286856838176485
P(32=l1ormall diap0l1he-stem-cal1ker): 0.9561450279925353
P(a3=lt-norm 1diaporthc-stem-canker): 0.009730738469741403
P(a4=norm 1diap0l1he-stem-canker): 0.9588109837376699
P(a5=yes 1diaporthe-stem-cal1ker): 0.9214876033057852
P(a6=same-lsl-yr 1diaporlhc-stem-canker): 0.2945881098373 7665
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P(a7=upper-areas I cliaporthe-stem-cauker): 0.019194881364969343
P(a8=pot-severe 1 cliaporthe-stem-canker): 0.6791522260730471
P(a9~none I cliaporthe-stem-canker): 0.5405225273260463
P(alO=90-100 I cliaporthe-stem-canker): 0.15822447347374033
Pia 11=abnorm I cliaporthe-stem-canker): 0.9390829112236736
Pia 12=abnor111 I cliaporthe-stem-canker): 0.9897360703812317
Pia 13=absent I cliaporthe-stem-canker): 0.93841642228739
Pia 14=clna I cliap0l1he-stem-canker): 0.93841642228739
P(aI5=clna I cliaporthe-stem-cauker): 0.93841642228739
Pia 16~absent I cliaporthe-stem-canker): 0.9738736336976805
Pia 17=absent I cliaporthe-stem-canker): 0.9828045854438816
P(aI8~absent I cliaporthe-stem-canker): 0.9802719274860037
Pia 19=abnorm I cliaporthe-stem-canker): 0.9584110903758998
P(a20=yes I cliapoI1he-stem-canker): 0.70554518794988
P(a21 =absent I cliaporthe-stem-canker): 0.05038656358304452
P(a22=tan I cliaporthe-stem-canker): 0.008531058384430818
P(a23=absent I cliaporthe-stem-canker): 0.0629165555851773
P(a24=absent I cliapoI1he-stem-canker): 0.06611570247933884
P(a25=absent I cliaporthe-stem-canker): 0.9941348973607038
P(a26~black 1 cliaporthe-stem-canker): 0.002532657957877899
P(a27=present 1 cliaporthe-stem-canker): 0.002532657957877899
P(a28~nonn 1 cliaporthe-stem-canker): 0.9632098107171421
P(a30=norml cliaporthe-stem-canker): 0.9724073580378565
l'(a31 =absent I cliaporthe-stem-canker): 0.9788056518261796
P(a32=absent I cliaporthe-stem-canker): 0.9773393761663556
P(a33~n0I111 1 cliaporthe-stem-canker): 0.9798720341242335
P(a34=abscnt I cliaporthe-stem-canker): 0.9808051186350306
P(a35=norm 1 clwporthc-stem-canker): 0.9824046920821115

Base rate of the class: I'(cliaporthe-stem-canker): 0.20202020202020202

Class Name-diaporthe-stcm-eanker. [(procluct of all Class conditional
Probability) * Base rate of the class]: 6.22666765708598E-19

Class conditional probabilitics for class valuc = phytophthora-rot
Pea1~.iuly I phytophthora-rot): 0.15195947747267394
P(a2=norJllal 1 phytophthora-rot): 0.04705411890162623
p(03=lt-norm I phytophthora-rot): 0.009730738469741403
P(a4=norml pbytophthora-rot): 0.5497200746467609
P(a5=yes I phytophlhora-rot): 0.6942148760330579
P(a6=same-lst-yr 1 phytophthora-rot): 0.29458810983737665
P(a7=upper-areas 1 phytophthora-rot): 0.019194881364969343
P(a8=pot-severe I phytophthora-rot): 0.36097040789122903
P(a9=none I phytophthora-rot): 0.4950679818715009
Pia I0=90-1 00 I phytophthora-rot): 0.3400426552919221
Pia II =abnorm I phytophthora-rot): 0.9390829112236736
P(a 12=abnorJnl phytophthora-rot): 0.9897360703812317
P(a 13=absent 1 phytophthora-rot): 0.93841642228739
P(a 14=clna I phytophthora-rot): 0.93841642228739
Pia 15~clna I phytophtbora-rot): 0.93841642228739
P(a 16=absent I phytophthora-rot): 0.9738736336976805
P(a 17~absent I phytophthora-rot): 0.9828045854438816
P(a 18=absent I phytophthora-rot): 0.9802719274860037
P(aI9=abnorm I phytophthora-rot): 0.9584110903758998
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P(a20=yes 1phytophthora-rot): 0.8873633697680618
P(a2 I=absent 1phytophthora-rot): 0.05038656358304452
P(a22=tan 1phytophthora-rot): 0.008531058384430818
P(a23~absentl phytophthora-rot): 0.9720074646760863
P(a24~absent 1phytophthora-rot): 0.7024793388429752
P(a25=absent I phytophthora-rot): 0.9941348973607038
P(a26~black 1phytophthora-rot): 0.002532657957877899
P(a27=present 1phylOphthora-rot): 0.002532657957877899
P(a28=noll11 1phytophthora-rot): 0.0541189016262330 I
P(a30=noll111 phytophthora-rot): 0.9724073580378565
P(a31 =absellt 1phytophthora-rot): 0.9788056518261796
P(a32=absent I phytophthora-rot): 0.9773393761663556
P(a33=norml phytophthora-rot): 0.9798720341242335
P(a34=absent Iphytophthora-rot): 0.980805 1186350306
P(a35=noll111 phytophthora-rot): 0.9824046920821 115

Base rate nf the class: P(phytophthora-rot): 0.20202020202020202

Class Name- phytophthora-rot, [(Product of all Class conditional
Probability)*Base rate of the class J: 1.0049689552270597E-19

Class conditional probabilities for class valne = rhizoetonia-root-rot
P(a 1=Jllly I rhizoctonia-root-rot): 0.061050386563583046
1'(a2=normal I rhizoctonia-root -rot): 0.1379632098107 I 714
P(a3=It-noll11I rhizoctonia-root-rot): 0.009730738469741403
P(a4~norm Irhizoctonia-root-rot): 0.04972007464676086
P(a5=yes I rhizoctonia-root-rot): 0.8760330578512397
1'(a6=same-lst-yr I rhizoctonia-root-rot): 0.24913356438283124
P(a7=upper-areas Irhizoctonia-root-rot): 0.019194881364969343
P(a8=pot-severe I rhizoctonia-root-rot): 0.45187949880031997
P(a9=none 1rhizoctonia-root-rot): 0.7677952545987736
Pia I0=90- I00 1rhizoctonia-root-rot): 0.02 I 860837110 103972
P(all~abnorml rhizoctonia-rool-rot): 0.9390829112236736
Pia 12=abnorm I rhizoctonia-root-rot): 0.12609970674486803
Pia I 3=absent 1rhizoclonia-root-rot): 0.93841642228739
Pia 14=dna 1rhizoclonia-root-rot): 0.93841642228739
Pia 15=dna I rhizoctonia-root-rot): 0.93841642228739
P(aI6~absentl rhizoctonia-root-rot): 0.9738736336976805
P(a 17=absent 1rhizoctonia-root-rot): 0.9828045854438816
pea 18=ahsent 1rhizoctonia-root-rot): 0.9802719274860037
P(a 19~abnon11 I rhizoctonia-rool-rot): 0.9584110903758998
P(a20~yes 1rhizoctonia-root-rot): 0.8873633697680618
P(a21 =abscnt I rhizoctonia-root-rot): 0.05038656358304452
P(a22=lan Irhizoctonia-root-rot): 0.008531058384430818
P(a23=absent I rhizoctonia-root-rot): 0.9720074646760863
P(a24=absent 1rhizoctonia-root-rot): 0.06611570247933884
P(a25=absentl rhizoctonia-root-rot): 0.7214076246334311
P(a26=black I rhizoctonia-root-rol): 0.002532657957877899
P(a27=present I rhizoctonia-root-rot): 0.002532657957877899
P(a28=non11 Irhizoctonia-root-rot): 0.05411890 I 62623301
P(a30~norm Irhizoctonia-root-rot): 0.9724073580378565
1'(a3 I~abscnt 1rhizoctonia-root-rot): 0.9788056518261796
P(a32=absent 1rhizoctonia-root-rot): 0.9773393761663556
P(a33=norm Irhizoctonia-root-rot): 0.9798720341242335
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P(a34=absent I rhizoctonia-rool-rot): 0.9808051186350306
P(a35=norm I rhizoctonia-root-rol): 0.936950146627566

Base rate of the class: P(rhizoctonia-root-rot): 0.20202020202020202

Class Name- rhizoetonia-root-rot, [(Product of all Class conditional
Probability)*Base rate of the class): 1.1835998866976362E-23

We know, Naive Bayesian classification gives the class value of test example as

the following equation:
k •

'" argmax p(C = c.)I1 P(A. = a. I C = c.)dnssl"IIlllt:t;E C I _ J I I

;==1

While calculating class conditional probabilities we used m-estimation (m=2)

technique [3].'1'he class value of the test example will be the highest value

among the values of [(Product of all Class conditional Probability)*Base rate of

the class] calculated for each class value.

These calculated values are summarized in the following table:

Tahle 3.5: Class prohabilities of example-I: Table shows the product of

all class conditional Probability and base rate of each class value

in the subset for local NB.

Class Name • I(Product of all Class conditional
Probability)*Base rate ofthe class]

1. charcoal-rot 7.193591316202711E-6
2- brown-stem-rot 6.227878140110804E-13
3. diaporthe-stem -ca nker 6.22666765708598E-19
4. phytophthora-rot 1.0049689552270597E-19
5 rhizocton ia-roo t-rot 1.1835998866976362E-23

Class value "charcoal-rot" has the highest value fpr [(Product of all Class

conditional Probability)*Base rate of the class]. At this iteration, we say, the

class for this tcst example is "charcoal-rot" and we classify this example as

"charcoal-rot".
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Example-2: Classifying another test example in Leave-One-Out cross
validation for first iteration:

Table 3.6: Example-2: This gives a description of an example taken from

the training data. First column of the table gives the

ahbreviated name of the attribute. Second column gives the

cOlTesponding values of each attribute in the example.

Attribute Attribute values in the
Name example
al august
a2 It-normal
a3 gt-n01111

a4 gt-norm
as no
a6 same-lst-yr
a7 low-areas
a8 pot-severe
a9 none
aID 90-100
all norm
a12 abnorm
a13 absent
a14 dna
als dna
alG absent
al7 absent
al8 absent
al9 ahnorm
,,20 no
a2l above-sec-nde
a22 dk-brown-blk
a23 Present
a24 firm-and-dlY
a2s Absent
a26 None
a27 Absent
a28 Diseased
a29 brown-w/blk-specks
a30 Abnol111
a31 Present
a32 Absent
a33 It-norm
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Continnation of Table 3.6:

Attribute Attribute "alues in the
Name example

1'134 Absent
a35 Norm

Selection criteria for subset generation: a29 ~ 'brown-w/blk-specks'

Choose subset from 682 examples excluding this example (Total example in
training set: 683)

Total examples in the subset: 56.0

Total class categories iu this subset: 4

We apply a local Nal"e Bayes' on this subset of 56 examples.

Attributes for local Nai've Bayes' with their values in test example (Exclude
subset generating attributes include all other attributes):

Table 3.7: Local NB attributes for Example-2: This gives a description

of attributes for local NB of example-2. First column of the

tahle gives the abbreviated name of the attribute. Second

column gives the con-esponding values of each attribute in the

example.

Attribute Attribute "alnes in the
Name example
al August
a2 It-normal
a3 gt-nofm
a4 gt-norm
a5 No
ao same-Ist-yr
a7 low-areas
a8 pot-severe
a9 None
alO 90-100
a II Norm
al2 Abnorm
a13 Absent
al4 Dna
a15 Dna
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Continuation of Table 3.7:

Attribnte Attribute values in the
Name example
a16 Absent
al7 Absent
al8 Absent
al9 Abnorm
a20 No
a21 above-sec-nde
a22 dk-brown-blk
a23 Present
a24 firm-and-dry
a25 Absent
a26 None
a27 Absent
a28 Diseased
a30 Abnorm
a31 Present
a32 Absent
a33 It-norm
a34 Absent
a35 Norm

The class names in the snbset arc: (anthracnose, brown-spot, diaporthe-pod-
&-stem-blight, rog-eye-Iea I~spot ).

We calculate the class conditioual probabilities for class value "anthracnose".

These are as follows:

Class conditional probahilities for class valne ; anthracnosc
P(al;augnst 1 anthracnose): 0.1636213249116475
1'(a2;lt-uormal I anthracnose): 0.5604180765471087
P(a3~gt-n()rml anthracnose): 0.9831566283179186
1'(a4~gt-norm 1 anthracnose): 0.24565756823821341
P(a5;no I anthracnose): 0.24024362734040156
P(a6;same-lst-yr I anthracnose): 0.2943830363185202
P(a7;10w-arcas 1 anthracnose): 0.29904504098052487
P(a8;pot-severe 1 anthracnose): O.716444845477t 035
P(a9;none 1 anthracnose): 0.48439732310700057
Pta I0~90-1 00 1 anthracnose): 0.32002406195954586
P(al 1=norml anthracnose): 0.8023159636062862
P(a12=abnolln I anthracnose): 0.3788254755996691
P(a13=absent I anthracnose): 0.9652605459057072
Pea14=dna I anthracnose): 0.9652605459057072
P(a15~dna I anthracnose): 0.9652605459057072
P(aI6=absent I anlhracnose): 0.9852620497781788
P(a 17=absent I anthracnose): 0.990300022558087
P(a 18=absent I anthracnose): 0.9888713437100534
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P(aI9=abnol111 I anthracnose): 0.9765395894428152
P(a20=no I anthracnose): 0.1056470411309121
P(a21 =above-sec-nde I anthracnose): 0.9630047371982855
P(a22=dk-brown-blk I anthracnose): 0.8081058726220016
P(a23=present I anthracnose): 0.7513346868185579
P(a24=firm-and-dry I anthracnose): 0.3434092788931498
P(a25=absent I anthracnose): 0.9966914805624483
P(a26=none I anthracnose): 0.9923302503947665
P(a27=absent 1 anthracnose): 0.9956387698323181
P(a28=diseasedl anthracnose): 0.9584179261598617
P(a30=abnol111 I anthracnose): 0.5470336115497405
P(a31 =present I anthracnose): 0.5177832919768404
P(a32=absent I anthracnose): 0.884652981427175
P(a33~lt-norml anthracnose): 0.46589969170614337
P(a34=absent I anthracnose): 0.5019926310248891
P(a35=norml anthracnose): 0.9900744416873448

Base rate oUhe cla~s: P(anlhracnose): 0.6607142857142857

Class Name-anthracnose, [(Product of all Class conditional Probability)*Base rate
of the class]: 1.0282986214162714E-8

Class conditional probabilities for class valne = brown-spot

Pia 1=augusli brown-spot): 0.3453079178885631
P(a2=lt-normall brown-spot): 0.4640762463343109
1'(a3=gt -norm I brown-spot): 0.5857771260997067
1'(a4=gt-norm I brown-spot): 0.3951612903225806
P(a5=no I brown-spol): 0.342375366568915
P(a6=same-lst-yr I brown-spot): 0.6202346041055719
l'(a7=low-areas I brown-spot): 0.41568914956011727
P(a8=pot-severe I brown-spot): 0.48533724340175954
P(a9=nonc I brown-spot): 0.22287390029325513
P(a I0=90-1 00 I brown-spol): 0.12023460410557185
P(a 11~n01111I brown-spot): 0.8225806451612903
P(a 12=abnol111 I brown-spot): 0.9435483870967742
P(a l3~absenll brown-spot): 0.16129032258064516
P(a l4~dna I brown-spot): 0.16129032258064516
Pia 15=dna I brown-spol): 0.16129032258064516
Pia l6=absent I brown-spot): 0.8563049853372434
Pia 17=absent I brown-spot): 0.905425219941349
P(aI8=absent I brown-spot): 0.8914956011730205
P(a 19=abnol111 I brown-spot): 0.7712609970674487
P(a20=no I brown-spot): 0.030058651026392963
P(a21 =above-sec-nde I brown-spot): 0.6392961876832844
P(a22=dk-brown-blk I brown-spot): 0.12903225806451613
P(a23=present I brown-spot): 0.3255131964809384
P(a24=lilln-and-dry I brown-spot): 0.09824046920821114
P(a25=absenl I brown-spot): 0.967741935483871
P(a26=none I brown-spot): 0.9252199413489737
P(a27~absenll brown-spot): 0.9574780058651027
1'(a28=diseased I brown-spot): 0.594574780058651
P(a30~abnorml brown-spot): 0.08357771260997067
P(a31 =present I brown-spot): 0.04838709677419355
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P(a32=absent I brown-spot): 0.875366568914956
P(a33=It-non11 I brown-spot): 0.04252199413489736
P(a34~absent I brown-spot): 0.8944281524926686
P(a35~non111 brown-spot): 0.9032258064516129

Base rate of the class: P(brown-spot): 0.03571428571428571

Class Name-brown-spot, [(Product of all Class conditional Probabi1ity)*Base rate of
tbe class]: 1.297799389031491E-17

Class conditional probabilities for class valne = diaporthe-pod-&-stem-
blight

pea 1=august I diaporthe-pod-&-stem-blight): 0.022425392444367778
1'(a2~lt-norma I I diaportbe-pod-&-stem-bhght): 0.1680179403139555
P(a3=gt-norml diap0l1he-pod-&-stem-blight): 0.8437122649646368
P(a4=61-norm I diaporthe-pod-&-stem-blight): 0.9165085388994307
P(a5=no I diaportlie-pod-&-stem-blight): 0.02173538036915646
P(a6=same-lst-yr I diap0l1he-pod-&-stem-b1ight): 0.2047610833189581
P(a7=low-areas I diaporthe-pod-&-stem-blight): 0.038985682249439366
P(a8=pot-severe I diaporthe-pod-&-stem-blight): 0.055373469035708126
P(a9=none I c1iaporthe-pod-&-stem-blight): 0.05244091771606003
Pea 10=90-1 00 I c1iaporthe-pod-&-stem-blight): 0.3224081421424875
P(all =norm I diaporthe-pocl-&-stem-blight): 0.9582542694497154
1'(a 12~abllorm I diaporthc-pocl-&-stem-blight): 0.1 043643L63 7571158
pea 13=absent I c1iaporthe-pod-&-stem-blight): 0.03795066413662239
Pea 14~dna I c1iaporthe-pod-&-stem-blight): 0.03 795066413662239
pea 15~dlla I diaporthe-pod-&-stem-blight): 0.03795066413662239
1'(a 16~absellt I c1iaporthe-pod-&-stem-blight): 0.08383646713817493
pea 17=absellt I c1iaporthe-pod-&-stem-blight): 0.09539416939796445
1'(a 18=absellt I c1iaporthe-pocl-&-stem-blight): 0.09211661204071071
P(aI9~abnorl1l I diapOJ1he-pod-&-stem-blight): 0.9461790581335173
P(a20=no I diaporthe-pocl-&-stcm-b1ight): 0.007072623770915991
P(a21 =above-sec-nde I diaportbe-pod-&-stem-blight): 0.03277557357253752
P(a22=dk-browll-blk I diaporthc-pod-&-stem-blight): 0.030360531309297913
1'(a23~presellt I diaporthe-pod-&-stem-blight): 0.9001207521 13162
P(a24~linn-and-dry I diaporthe-pocl-&-stem-hlight): 0.02311540451957909
P(a25=abselltl dlaporthe-pod-&-stem-blight): 0.9924098671726755
P(a26=nolle I diaporthe-pod-&-stem-blight): 0.9824046920821115
P(a27=absent I c1iap0l1he-pod-&-stem-blight): 0.9899948249094359
P(a28~diseased I diaporthe-pod-&-stem-b1ight): 0.9046058306020355
P(330=3bnorm I diaporthe-IJod-&-stem-blight): 0.725547697084699
P(a31 =presellt I diaporthe-pod-&-stem-blight): 0.8937381404174572
P(a32=abscllt I c1iaporthe-pod-&-stem-blight): 0.08832154562704847
P(a33=lt-no1111 I diaporthe-pod-&-stem-blight): 0.8923581162670347
P(a34~absent I diaporthe-pod-&-stel1l-blight): 0.09280662411592203
P(a35~norl1l I diaporthe-pod-&-stel1l-blight): 0.09487666034155597

Base rate of the class: P(diap0l1he-pod-&-stem-blight): 0.26785714285714285

Class Name-diaporthe-pnd-&-stem-blight, [(Product of all Class conditional
Probability)*Base rale of the class]: 2.779210691887117E-29
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Class conditional probabilities for class value = frog-eye-Ieaf-spot

P(al=allgllst I frog-eye-Ieaf-spot): 0.09530791788856305
P(a2=Il-nonnal I frog-eye-Ieaf-spot): 0.21407624633431085
P(a3=gt-nonn I ji-og-eye-Ieat~spot): 0.3357771260997067
P(a4=gt-norm I fi.og-eye-Ieal~spot): 0.6451612903225806
P(a5=no Ili.og-eye-leaf-spot): 0.09237536656891496
P(a6=same-lst-yr I frog-eye-Ieaf-spot): 0.12023460410557) 85
P(a7=low-areas I frog-eye-Ieaf-spot): 0.1656891495601173
P(a8=pot-severe I frog-eye-leaf-spot): 0.23533724340175954
P(a9=none I frog-eye-Ieaf-spot): 0.47287390029325516
P(a 10=90-1 00 I frog-eye-Ieaf-spot): 0.6202346041.055719
P(a 1 J =l1orm I frog-eye-Ieaf~spot): 0.8225806451612903
P(a 12=abnonn Ili.og-eye-leaj~spot): 0.9435483870967742
P(a 13=absent I frog-eye-Ieaf-spot): 0.16129032258064516
P(aI4=dna I ji.og-eye-Ieaj~spot): 0.16129032258064516
P(a 15=dna I frog-eye-Ieaf-spot): 0.16129032258064516
P(a 16=absent I frog-eye-Icaf-spot): 0.8563049853372434
Pta I 7=absent I frog-eye-Ieaf-spot): 0.905425219941349
Pta 18=absent I n.og-eye-Ieaf-spot): 0.8914956011730205
Pta 19=abnorm I frog-eye-Ieaj~spot): 0.7712609970674487
P(a20~no I frog-eye-Ieat~spot): 0.030058651026392963
P(a21 =above-sec-nde I frog-eyc-Ieaf-spot): 0.6392961876832844
P(a22=dk-brown-blk I frog-eye-Ieaf-spot): 0.6290322580645161
1'(a23=present I fi.og-eye-leaf-spot): 0.5755131964809385
1'(a24=J1rm-al1d-dry I frog-eye-Ieaf-spot): 0.34824046920821117
P(a25=absent I frog-eye-Ieafspot): 0.967741935483871
P(a26=none IlTog-eye-leaf-spot): 0.9252199413489737
P(a27=absent I frog-eye-Ieaf-spot): 0.9574780058651027
P(a28=diseased I frog-eye-Ieaf-spot): 0.594574780058651
P(a30=abnonnl fi.og-eye-Ieaf-spot): 0.5835777126099707-
1'(a31 =present I li.og-eye-leaf-spot): 0.04838709677419355
P(a32=absel1t I fi.og-eye-Ieaf-spot): 0.625366568914956
P(a33=lt-nonn I fi.og-eye-Ieaf-spot): 0.2925219941348974
1'(a34=absel1t I frog-eye-Ieaf-spot): 0.6444281524926686
P(a35=nonn I frog-eye-Ieaf-spot): 0.9032258064516129

Base rate of the class: 1'(frog-eye-leaf-spot): 0.03571428571428571

Class Name-frog-eye-Ieaf-spot, [(Product of all Class conditional 1'robability)*Base
rale of the class]: 1.2924416993490396E-16

According to NB the class value of the test example will he the highest value

among the values of [(Product of all Class conditional Probabi1ity)*Base rate of

the class] calculated for each class value. These values are in the following

table:
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Table 3.8: Class probabilities for example-2: Table shows the product of

all class conditional Probability and base rate of each class value

in the subset for local NB.

Class Name [(Product of all Class conditional
Probability)*Base rate of the eJass)

1. anthracnose 1.0282986214162714E-8
2. frog-eye-Icat~spot 1.2924416993490396E-16
3. brown-spot 1.297799389031491 £-17
4. diaporthe-pod -& -5tem- 2.779210691887117E-29

blight

Class value "anthracnose" has the highest value for [(Product of all Class

conditional Probability)*Base rate of the class]. At this iteration, we say, the

class for this test example is "anthracnose" and we classify this example as

"anthracnose" .

In this way we classify all of 683 examples of the training set for first iteration

and we calculate the error rate for first iteration according to the equation (5).

The error rate in t1rst iteration is 6.73'X•.

Secolld ilemlioll(A29,A34).

Classifying ~:xaI11Jlle-1described in table 3.3:

In second iteration next available highest dependency attribute is "A34". We

take attribute "A34" and it is And-ed with first iteration attribute "A29". Now

selection criterion contains these two attributes only. We again applyleave-one-

out cross validation for second iteration rule.

While classifying tlie first example given above, for this leave-one-out

procedure,

the selection criteria for first example is : A29 = 'dna' and A34 = 'absent',

because it has value for these two attribute as follows:

Table 3.9: Attribute and its value in example-I (Tabfe 3.3) used ii,r

selection criteria:

Attribute Attribute values

Name

a29 Dna

a34 Absent
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We choose subset of examples from 682 examples (Total examples: 683-First

examplcs ) based on this selection criteria. Then local NB is applied on this

subset. In local NB only attributes (AI-A28 and A30-A33, A35) are considered.

We calculate the class conditional probabilities for NB and classify the firsl

example.

These are as follows:

Subset Total Examples: 99.0
Total class categories in subset: 5
Subset examples and class categories remains same for second iteration, bul

attribules for local NB become one less than that of first iteration.

Class conditional probabilities for class valne = brown-stem-rot
P(a1=july I brown-slem-rot): 0.24286856838176485
P(a2=nom1all brown-stem-rot): 0.45614502799253537
1'(a3=lt-norm I brown-slem-rot): 0.5097307384697414
1'(a4=norm I brown-stem-rot): 0.36790189282857905
1'(a5=yes 1 brown-slem-rol): 0.5578512396694215
1'(a6~same-lsl-yr 1 brown-stem-rot): 0.11276992801919489
P(a7=upper-areas 1 brown-slem-rot): 0.29192215409224204
P(a8~pol-severe 1 brown-slem-rot): 0.6336976806185017
P(a9=none 1 brown-slem-rol): 0.4950679818715009
P(a10=90-100 I brown-slem-rol): 0.3400426552919221
Pia 11~abnonl1 I brown-stem-rol): 0.9390829112236736
1'(a 12=abnorm 1 brown-slem-rol): 0.5351906158357771
Pia 13=absent 1 brown-stem-rol): 0.5293255131964809
1'(a14=ctna I brown-stem-rol): 0.5293255131964809
P(a 15~dna I brown-slem-rot): 0.5293255131964809
1'(a16~absenl I brown-stem-rot): 0.9738736336976805
1'(a 17~absenl I brown-slem-rol): 0.9828045854438816
1'(a I8=absent 1 brown-slem-rol): 0.9802719274860037
1'(a19=abnorm 1 brown-stem-rot): 0.95841 10903758998
P(a20=yes I brown-slcm-rot): 0.2509997334044255
P(a21~absenl 1 brown-stem-rot): 0.9594774726739536
P(a22=tan 1 brown-slem-rot): 0.9176219674753399
P(a23=abscnl I brown-slem-rot): 0.9720074646760863
P(a24=absenl I brown-stem-rot): 0.9752066115702479
P(a25~absent I brown-stem-rol): 0.9941348973607038
l'(a26=black 1 brown-stem-rnt): 0.002532657957877899
l'(a27=present 1 brown-slem-rot): 0.002532657957877899
P(a28=norm 1 brown-slem-rot): 0.9632098107171421
P(a30~nom11 brown-stem-rot): 0.9724073580378565
P(a31=absent I brown-stem-rot): 0.9788056518261796
P(a32~absent I brown-slem-rot): 0.9773393761663556
P(a33~norm I brown-slem-rot): 0.9798720341242335
P(a35~nonl1l brown-slem-rot): 0.9824046920821115

P(brown-slem-rot): 0.20202020202020202
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Class Name: brown-stem-rot, [(Product of all Class conditional Probability)*Base rate
of the class): 6.349761050164618E-13

Clnss conditional probabilities for class value = charcoal-rot
Pia 1=july I charcoal-rot): 0.1 J 157659544756318
P(a2~normall charcoal-rot): 0.9540566959921799
P(a3=lt-nonn I charcoal-rot): 0.9149560117302052
P(a4=n0I111 I charcoal-rot): 0.24256388772517803
P(a5=yes I charcoal-rot): 0.44155844155844154
P(a6=same-lst-yr I charcoal-rot): 0.21337801982963273
P(a7=upper-areas I charcoal-rot): 0.44868035190615835
P(a8=pot-severe I charcoal-rot): 0.9495880463622399
P(a9~none I charcoal-rot): 0.4710236000558581
P(a 10~90-1 00 I charcoal-rot): 0.26099706744868034
Pia 11=abnol1n I charcoal-rot): 0.9361820974724201
P(aI2=ahnonn I charcoal-rot): 0.989247311827957
Pia 13=absent I charcoal-rot): 0.935483870967742
P(aI4=dna I charcoal-rot): 0.935483870967742
Pia 15=dna I charcoal-rot): 0.935483870967742
Pia 16~absent I charcoal-rot): 0.9726295210166178
P(a 17=absent I charcoal-rot): 0.9819857561793046
P(aI8=absent I charcoal-rot): 0.9793324954615277
P(a 19=ahnorll1 I charcool-rot): 0.9564306661080855
P(a20~yes I charcoal-rot): 0.8343806730903505
P(a21 =ahsent I charcoal-rot): 0.9575478285155704
P(a22~tan I charcoal-rot): 0.9136992040217846
P(a23=ahsent I charcoal-rot): 0.9706744868035191
P(a24=ahsent I charcoal-rot): 0.974025974025974
P(a25=absent I charcoal-rot): 0.9938556067588326
P(a26~hlack I charcoal-rot): 0.9074151654796816
P(a27=present I charcoal-rot): 0.9074151654796816
P(a28~norll1 I charcoal-rot): 0.961457896941768
P(a30=norm I charcoal-rot): 0.9710934227063259
P(a31 ~abselltl charcoal-rot): 0.9777963971512359
P(a32~absent I charcoal-rot): 0.976260298840944
P(a33=norm I charcoal-rot): 0.9789135595587208
P(a35~norm I charcoal-rot): 0.9815668202764977
P(charcoal-rot): 0.1 ') 19191919191919

Closs Name: charcoal-rot, r(Product of all Class conditional Probability)*Base rate of
the class): 7.341215250866129E-6

Class conditional probabilities for chlss value ~ rliaporthc-stem-canker
1'(a I=.1uly I diaporthe-stem-canker): 0.24286856838176485
P(a2=norll1al I cliaporthe-stem-canker): 0.9561450279925353
P(a3=lt-norm I cliaporthe-stem-canker): 0.009730738469741403
1'(a4~norm I cliaporthe-stem-canker): 0.9588109837376699
P(a5~yes I diaporthe-stem-canker): 0.9214876033057852
P(a6=same-lst-yr I cliap0l1he-stem-canker): 0.29458810983737665
P(a7=upper-areas I cliaporthe-stem-canker): 0.019194881364969343
P(a8~pot-severe I diaporlhe-stem-eanker): 0.6791522260730471
P(a9=none I cliaporthe-stem-canker): 0.5405225273260463
Pta IO~90-1 00 I dJaporthe-stem-canker): 0.15822447347374033
I'(a I I~abn()rm I diaporthe-stem-canker): 0.9390829112236736
P(a 12=abnorm I diaporthe-stcm-canker): 0.9897360703812317
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Pia 13=absent I diap011he-stem-canker): 0.93841642228739
Pia 14=dna I diap01ihe-stem-cankcr): 0.93841642228739
Pia 15=dna I diaporthe-stem-canker): 0.93841642228739
Pia 16=absent 1diaporthe-stem-canker): 0.9738736336976805
Pia 17=absent 1diaporthe-slem-canker): 0.9828045854438816
Pia 18=absent 1diaporthe-stem-canker): 0.9802719274860037
Pia 19=abn011111diaporthe-stem-canker): 0.9584110903758998
P(a20=yes I diaporthe-stem-canker): 0.70554518794988
P(a21 =absent 1diapOlihe-stem-canker): 0.05038656358304452
P(a22~tan 1diaporthe-stem-canker): 0.008531058384430818
P(a23=absent 1diap01ihe-stem-canker): 0.0629165555851773
P(a24~abscnt I diapolihe-stem-canker): 0.06611570247933884
P(a25~absent I diapo11he-stem-canker): 0.9941348973607038
P(a26~black 1 diaporthe-stem-canker): 0.002532657957877899
P(a27=present I diaporthe-stem-canker): 0.002532657957877899
P(a28=n01111 1 diaporthe-stem-canker): 0.9632098107171421
P(a30=non11 1 diaporthe-stcm-canker): 0.9724073580378565
P(a31 ~absentl diaporthe-stem-canker): 0.9788056518261796
P(a32~absentl diaporthe-stem-canker): 0.9773393761663556
1'(a33=n01111 I diaporthe-stem-canker): 0.9798720341242335
P(a35=norml diaporthe-Slem-canker): 0.9824046920821115
1'(dia p011he-stem-can ker): 0.20202020202020202

Class Name: diaporthe-stem-canker, [(Product of all Class conditional
Probability)*Base rate of the class]: 6.348526877338818E-19

Class conditional probabilities for class valne = pbytopbthora-rot

Pta 1""july 1phytophthora-rot): 0.15195947747267394
P(a2=n01111all phytophthora-rot): 0.04705411890162623
P(a3=It-n01111 I phytophthora-rot): 0.009730738469741403
P(a4=n0I1111 phytophthora-rot): 0.5497200746467609
P(a5=yes 1 phytophthora-rot): 0.6942148760330579
P(a6~same-lst-yr I phytophthora-rot): 0.29458810983737665
P(a7=upper-areas I phytophlhora-rot): 0.019194881364969343
P(a8~pot-severe 1phytophthora-rot): 0.36097040789122903
P(a9=noue 1phytophthora-rot): 0.4950679818715009
Pia 10~90-1 001 phylophthora-rot): 0.3400426552919221
Pta II =abnorm 1phYlophthora-rot): 0.9390829112236736
Pia 12=abnorm 1 phytophthora-rot): 0.9897360703812317
Pta 13=absent I phytophthora-rot): 0.93841642228739
Pta 14=dua 1 phytophthora-rot): 0.93841642228739
Pta 15=dna 1 phytophthora-rot): 0.93841642228739
Pia 16=absentl phytophthora-rot): 0.9738736336976805
Pta 17~absel1tl phytophthora-rot): 0.9828045854438816
Pta 18~absent I phytophthora-rot): 0.9802719274860037
Pta 19=abnon11 1phytophthora-rot): 0.9584110903758998
P(a20~yes 1phytophthora-rot): 0.8873633697680618
P(a21 =absentl phytophthora-rot): 0.05038656358304452
P(a22=lan 1phytophthora-rot): 0.008531058384430818
P(a23=absentl phytophthora-rot): 0.9720074646760863
P(a24=ahsent 1phytophthora-rot): 0.7024793388429752
P(a25=abscntl phytophlhora-rot): 0.9941348973607038
P(a26~black 1 phytophthora-rot): 0.002532657957877899
P(a27=presenll phytophthora-rot): 0.002532657957877899
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1'(,,28=n0I111 1phytophthom-mt): 0.05411890162623301
1'(,,30=n0I1111phytophthom-rot): 0.9724073580378565
1'(,,31=absent I phytophthom-rot): 0.9788056518261796
P(,,32=absent I phytophthora-rot): 0.9773393761663556
P(,,33~nol1111 phytophthora-rot): 0.9798720341242335
l'(a35=n0I111 I phytophthora-rot): 0.9824046920821115
I'(phytophthorn-rot): 0.20202020202020202

Class Name: phytophthora-rot, [(Product of ,,11Class conditional Probability)*Base rate
orthe class]: 1.0246367358131833E-19

Class conditional probabilities for class value =.rhizoctonia-root-rot
I'(a 1",July 1rhizoctonia-root-rot): 0.061050386563583046
P(a2~nol111all rhizoctonia-root-rot): 0.13796320981071714
P(a3=It-n0I111 I rhizoctonia-root-rot): 0.009730738469741403
P(a4=n0I111 1rhizoctonia-root-rot): 0.04972007464676086'
P(a5=yes I rhizoctonia-root-rot): 0.8760330578512397
P(a6=same-lst-yr I rhizoctonia-root-rot): 0.24913356438283124
P(a7=upper-areas 1rhizoctonia-root-rot): 0.019194881364969343
P(a8=pot-severe 1rhizoctonia-root-rot): 0.45187949880031997
P(a9=none 1rhizoctonia-root-rot): 0.7677952545987736
P(al 0=90-1 00 I rhizoctonia-root-rot): 0.021860837110103972
P(all=abnol111 1rhizoctonia-root-rot): 0.9390829112236736
P(a 12=abnorm 1rhizoctonia-root-rot): 0.12609970674486803
P(a 13=absent I rhizoctonia-root-rot): 0.93841642228739
I'(a l4=dna I rhizoctonia-root-rot): 0.93841642228739
P(a 15=dna I rhizoctonia-rool-rot): 0.93841642228739
P(a 16~abscnt I rhizoctonia-root-rot): 0.9738736336976805
P(a 17=absent I rhizoctonia-root-rot): 0.9828045854438816
I'(a 18=absent I rhizoctonia-root-rot): 0.9802719274860037
P(a 19=abnol111 I rhizoctonia-root-rot): 0.9584110903758998
1'(a20=yes 1rhizoctonia-root-rot): 0.8873633697680618
P(a21 =absent I rhizoctonia-root-rot): 0.05038656358304452
P(a22=tan 1rhizoctonia-root-rot): 0.008531058384430818
P(a23~absent I rhizoctonia-root-rot): 0.9720074646760863
P(a24=absent I rhizoctonia-root-rot): 0.06611570247933884
P(a25=absent I rhizoctonia-root-rot): 0.721407624633431 1
l'(a26=black 1rhizoctonia-root-rot): 0.002532657957877899
P(a27=present I rhizoctonia-root-rot): 0.0025326579578Ti899
l'(a28=non11 1rhiwctonia-root-rot): 0.05411890162623301
P(a30~norm 1rhizoctonia-root-rot): 0.9724073580378565
P(a31 ~absenll rhizoctonia-rool-rot): 0.9788056518261796
P(a32=absent I rhizoctonia-root-rot): 0.9773393761663556
P(a33=n0I111 1rhizoctonia-root-rot): 0.9798720341242335
P(a35=norml rhizoctonia-root-rot): 0.936950146627566
1'(rhizocton ia-root -rot): 0.20202020202020202

Clnss Name: rhizoctonia-root-rot, [(Product of all Class conditional Probability)*Base
rate orthe clnss]: 1.2067635702644288E-23

In second iteration, Example-l is classified as "charcoal-rot".
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Classifying Example-2 described in Table 3.G:

While classifying the second example given above, for this leave-one-out

procedure, the selection criteria for second example is: A29 = 'brown-w/blk-

specks' and A34 = 'absent' .

. Note that the second example has the attribute values:

Table 3.10: Attribute and its value m example-2 (Table 3.6) used for

selection criteria:

Attrihute Attribute values
Name

a29 hrown-w/blk -specks
a34 absent

We choose subset of examples from 682 (Total examples: 683-Second example)

based on this criteria. A local NB is applied on this subset. In local NB only

attributes (Al-A28 and A30-A33, A35) are considered. The calculation for local

NB is as follows.

Subset Tolal Examples: 21.0

Total class categories ;n subset: 3

Class conditional probabilities for class value = anthracnose

1'(aI=august I anthracnose): 0.2690615835777126
P(a2=lt-non11alj anthracnose): 0.5928152492668622
P(a3=gl-non11 I anthracnose): 0.9671554252199414
P(a4=gt-norm I anthracnose): 0.42903225806451617
P(a5~no I anthracnose): 0.41847507331378303
P(a6~same-lst-yr I anthracnose): 0.37404692082111435
P(a7=lolV-arcas I anthracnose): 0.38313782991202344
P(a8=pot-severe I anthracnosc): 0.597067448680352
P(a9=none I anthracnose): 0.44457478005865103
P(alO=90-100 I anthracnose): 0.27404692082111437
I'(all~norm I anthracnose): 0.6645161290322581
I'(a 12=abnon11I anthracnose): 0.5887096774193549
Pia 13=absent I anthracnose): 0.932258064516129
P(aI4=dna I anthracnose): 0.932258064516129
P(aI5=dna I anthracnose): 0.932258064516129
Pea16=absent I anthracnose): 0.9712609970674487
PCa17~absent j anthracnose): 0.9810850439882698
P(a18=absent I anthracnose): 0.9782991202346041
Pia 19=abnol111I anthracnose): 0.9542521994134897
P(a20~no I anthracnose): 0.2060117302052786
P(a21=above-sec-nde I anthracnose): 0.9278592375366569
P(a22~dk-brolVn-blk I anthracnose): 0.7758064516129032
l'(a23~present I anthracnose): 0.6651026392961877
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P(a24=fil111-and-dry 1anthracnose): 0.5196480938416422
P(a25=absent I anthracnose): 0.9935483870967742
P(a26=none 1anthracnose): 0.9850439882697948
P(a27~ahsent I anthracnose): 0.9914956011730205
P(a28=diseased 1anthracnose): 0.9189149560117302
P(a30=abnol111I anthracnose): O.I 1671554252199415
P(a31 =present 1anthracnose): O.I 0967741935483871
P(a32=absent I anthracnose): 0.8750733137829912
P(a33~lt-nollll I anthracnose): 0.00850439882697947
P(a35=norml anthracnose): 0.9806451612903226
P( anthracnose): 0.8571428571428571

Class Name: anthracnose, [(Prodnct of all Class conditional Probability)*Base rate of
the class]: 2.979401270645784410-10

Class conditional probahilities for class valne = hrown-spot
Pea I=angnst I brown-spot): 0.3453079178885631
P(a2=lt-nol111a11 brown-spot): 0.4640762463343109
P(a3~gt-norm Ibrown-spot): 0.5857771260997067
P(a4=gt-norJ11 Ibrown-spot): 0.3951612903225806
P(a5=no 1brown-spot): 0.342375366568915
P(a6=same-Ist-yr 1brown-spot): 0.6202346041055719
P(a7=low-areas I brown-spot): 0.4156891495601 1727
P(a8=pot-severe I brown-spot): 0.48533724340175954
P(a9=none 1brown-spot): 0.22287390029325513
P(alO=90-100 1brown-spot): 0.12023460410557185
Pia 11=norm I brown-spot): 0.8225806451612903
pea 12=abnorm I brown-spot): 0.9435483870967742
pea 13=absent I brown-spot): 0.16129032258064516
P(aI4=dna 1brown-spot): 0.16129032258064516
pea 15=dna 1brown-spot): O.J 6129032258064516
Pea 16=absent I brown-spot): 0.8563049853372434
pea 17=absent I brown-spot): 0.905425219941349
pea 18=absent I brown-spot): 0.8914956011730205
pea 19=abnorJ111 brown-spot): 0.7712609970674487
P(a20=no 1brown-spot): 0.030058651026392963
P(a21 =above-sec-11de I brown-spot): 0.6392961876832844
P(a22~dk-brown-blk I brown-spot): 0.12903225806451613
P(a23=present I brown-spot): 0.3255131964809384
1'(a24~llrm-and-dry Ibrown-spot): 0.09824046920821114
P(a25~absent 1brown-spot): 0.967741935483871
P(a26",none 1brown-spot): 0.9252199413489737
P(a27=absent I brown-spot): 0.9574780058651027
P(a28=diseased 1brown-spot): 0.594574780058651
P(a30=abnorml brown-spot): 0.08357771260997067
P(a31=present I brown-spot): 0.04838709677419355
P(a32~absent 1brown-spot): 0.875366568914956
P(a33=lt-nol111 I brown-spot): 0.04252199413489736
1'(a3 5=norm I brown-spot): 0.9032258064516129
P(brown-spot): 0.09523809523809523

Class Name: brown-spot, [(Product of all Class conditional Probability)*Base rate of
the class]: 3.8692860472982610_17
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Class conditional probabilities for class value ~ frog-eye-lellf-spot
Pta 1=august I frog-eye-Ieat~spot): 0.1270772238514174
P(a2=lt-norl1lall frog-eye-Ieaf-spot): 0.2854349951124145
P(a3=gt-norml frog-eye-Ieaf-spot): 0.447702834799609
P(a4~gt-norm I frog-eye-Ieaf~spot): 0.5268817204301075
P(a5~no I frog-eye-Ieaf-spot): 0.12316715542521994
P(a6=same-lst-yr I frog-eye-Ieaf-spot): 0.1603128054740958
P(a7~low-areas I frog-eye-leaf-spol): 0.2209188660801564
P(a8=pot-severe I fi'og-eye-Ieaf-spol): 0.31378299120234604
P(a9~none I fi'og-eye-Ieaf-spot): 0.6304985337243402
P(alO=90-100 I fi'og-eye-Ieaf-spot): 0.49364613880742914
Pta 11~noml I frog-eye-Ieaf~spot): 0.7634408602150538
Pta 12=abnoml I frog-eye-Ieaf-spol): 0.924731182795699 .
Pta 13~absent I hog-eye-Ieaf~spot): 0.21505376344086022
Pta 14=dna I frog-eye-Ieaf-spot): 0.21505376344086022
Pta 15=dna I fi'og-eye-Ieaf-spot): 0.21505376344086022
Pta 16=absent Ilrog-eyc-Ieaf~spol): 0.8084066471163245
P(a 17~absent I fi'og-eye-Ieaf-spot): 0.8739002932551319
P(aI8=absent I frog-eye-Ieaf-spot): 0.8553274682306939
P(a 19~abnonn I frog-eye-Ieaf-spot): 0.6950146627565982
P(a20=no I frog-eye-Ieaf-spot): 0.04007820136852395
P(a21 =above-sec-nde I li'og-eye-Ieaf-spot): 0.5190615835777126
P(a22=dk-brown-blk I frog-eye-Ieaf-spot): 0.5053763440860215
P(a23=present I trog-eye-Icaf~spot): 0.4340175953079179
1'(a24~filln-and-dry I ji'og-eye-Ieaf-spot): 0.46432062561094817
P(a25=absent I frog-eye-Ieaf-spol): 0.956989247311828
P(a26=none I frog-eye-Ieaf-spot): 0.90029325513 j 9649
P(a27~absent I trog-eye-Ieaf~spot): 0.9433040078201369
P(a28~diseased I hog-eye-Ieaf-spot): 0.45943304007820 j 35
P(a30=abnorl1ll frog-eye-Icaf-spot): 0.4447702834799609
P(a31 =present I t1'og-eye-Ieaj~spot): 0.06451612903225806
P(a32=absent I frog-eye-Ieaf-spot): 0.8338220918866079
P(a33=It-nonn I frog-eye-Ieaj~spot): 0.056695992179863146
P(a35~noml I fi'og-eye-Ieaf-spot): 0.8709677419354838
P(frog-eye-Ieaf-spot): 0.047619047619047616

Class Nal1le:li'og-eye-leaf-spot, [(Product of all Class conditional Probability)*Base
rate of the class]: 4.784076844425185E-16

TIlliS the secono example is classified as anthracnose.

In this procedure all 683 examples of second iteration are classified and the

error rate is calculated according to the equation (3.4). The elTor rate tor second

iteration is 7.03 %1.

Third iteratioll(A19,A34,A10).

In third iteration, the next available highest dependency attribute is "A20". This

attribute is And-cd with the second iteration rule. Leave-One-out procedure is

applied on 683 examples again for third iteration rule and error rate is

calculatecl. This rule gcneration procedure continues until all attribute of training
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set is considered in the iteration rule. At each iteration of rule generation

procedure error rate is calculated. The final rule is selected from all iteration's

rules which has the lowest error rate. The test examples arc classified according

to this rule and a local Naive Bayesian classifier. The error rate is plotted against

the attributes in each iteration, the graph looks like the following:
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Figure 3.4: Error rate vs interdependent attributes, Horizontal aXIs gIves

the attributes name and the ve,1ical aXIs gives the

corresponding CITor rate.

From the chart it is seen that attribute "A29" has the lowest elTor rate among all

iteration rule. Thus we find the best rule with lowest error rate. The attributes in

the mle and its values in any example are used to classify the example.
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3.2.2 Applying Proposed Algorithm on Zoology Dataset

For zoology dataset, the procedure for finding distinct values of attributes,

attribute dependency, error rate of each iteration rule are same as described in

section 3.3.1 and the results are given in chapter four, section 4.6. This domain

has a total 101 instances in its training set. A full description of tbe classification

of these 101 instances, calculation for class conditional probabilities in local

NB, class absolute probabilities, and other calcnlation are given in the appendix.
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Chapter Four

Experimental Study

Section 4.1 reveals a wide range of natural domains used in experimental study

including the distinct values of attributes of each domain, attribute dependency,

dependency chart, error rate chart of each domain. Section 4.2 gives the detail

description of experimental result of House Vote dalaset. In section 4.3, we slate

the detail analysis of experimental result of postoperative patient domain.

Section 4.4 gives the description of Iris domain. Section 4.5 describes the

experimental result for Tic- Tac- Toe domain. Section 4.6 explains the

experimental result for Zoology domain. Section 4.7 discusses the comparison

of proposed algorithm with other well known algorithms and gives a detail

analysis for Soybean domain with ignoring missing values in attributes and

comparison of ignoring missing values with considering missing values in the

same domain. Some issues of Tic-Tac- Toe endgame domain are also explained

in this section.

4.1 Domain Description

Experimental analysis is done on a wide range of natural domains. Data sets are

taken from UClmachine leaming repository. Cross validation method is used to

test the performance the algorithm. The Table 4.1 gives a brief description of

each domain.
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Table 4.1: Description of the learning domains used m 'experimental

study.

Domaiu Name Size No of NUllleric NOluinal
Classes Attribute Attribute

House Vote1984 435 2 0 16
Soybean 683 19 0 35
Postoperative Patient 90 3 1 7
Zoology 101 7 1 16
Lymphography 148 4 3' 15
his Plants 150 3 4 0
Tic-Tac-Toe 958 2 0 9
Endgame

4.21984 US Congressional Voting Records Dataset

This data set includes votes for each of the U.S. House of Representatives

Congressmen on the 16 key issues identified by the CQA (Congressional

Quarterly Almanac, 98th Congress, 2nd session 1984, Volume XL:

Congressional Quat1erly Inc. Washington, D.C., 1985). It is used in many

classification problcms in the past [21, 24]. The CQA lists nine different types

of votes: voted for, paired for, and announced for (these three simplified to yea),

voted against, paired against, and announced against (these three simplificd to

nay), voted present, voted present to avoid conflict of interest, and did not vote

or otherwise make a position known (these three simplified to an unknown

disposition). The main problem is to find the categories of the Congressmen

given that 16 key issues identified by the CQA. Total number of instances 435

(267 democrats, 168 republicans). Total number of attributes 16 + class name =

17 (all Boolean valued). These are given in the following. Missing Attribute

Valucs: Denoted by"')". The attributes are (O:handicapped-infants, I :water-

project-cos tosharing, 2:adoption-o t~the- budget- reso Iution, 3:physi cian- fee-

ti'eeze, 4:el-sa Ivador-aid, 5:reJigious-groups-in-schools, 6:anti-satel lite-test-ban,

7:aid-to-nicaraguan-contras, 8:mx -missile, inlmigration, 9: synfuels-cOlvoration-

clItback, 10:education-spending, 11:superfund-right-to-suc, 12:crime, 13:duty-

free-cxp0l1s, 14:export-administration-act-south-africa, 15:Class Name.).Class

Distribution: (2 classcs, I. 45.2 percent are democrat, 2. 54.8 percent are

republican)~
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Table 4.2: Distinct values of attributes of I-louse vote data set. Total of 16

attributes cxist in the domain. Some attributes have missing

value in the examples. This is denoted by "7". This means a

paIiicular example has no value for tbis attribute.

AD AI A2 A3 A4 AS A6 A7 A8 A9 AID All AI2 AI3 AI4 AIS C111SS

? .,
"

? " "

., ., '! " '! ? '! , , , Democrat

n n n n n n n n n n n n n n n n Republican

y y Ty Ty y y y y Iy y y y y y y y

Table 4.3: Attribute dependency table of I-louse vote data set. First column

of the table gives the abbreviated name of the attribute in the

training data. Middle column gives the dependency of each

attribute. All of the 16 attribute's dependencies are given in the

table.

Attribute Dependency Attribute SI No(O-
Name (6)
A4 0.172496] 9482437073 4
A3 0.16296937573274278 3
A7 0.1596495597698321 7
Class 0.] 4897293573268264 16
A8 0.]369207415643222 8
A2 0.13662775565645163 2
A6 0.1270902830081607 6
All o 12541 ]66609534252 ] 1
A]3 o 17352366436665933 ]3
AI2 0.11508408668833203 12
A5 0.0945485158413 I857 5
AI4 0.09039489093145354 14
AO 0.055573560215723024 0
A]5 0026804360843675434 15
A]O 0.018194798990602442 10
AI 0.0125757407848659] 9 I
A9 0.005] 02697188242126 9
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When Attribute dependency is plotted against attribute. we get the graph:
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Figure 4.1: Attribute dependency chHl1 for House vote data sel. Horizontal

axis denotes the allribute's name and vel1ical axis denotes the

attributes dependencies.

Error rate is plotted against allribute set at each iteration. This is as follows:
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Figure 4.2: Error rate vs interdependent attribute set of House vote data

sel. Horizontal axis gives the allrihutes name and the vertical

axis gives the corresponding error rate.
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From the graph above, it is seen that final rule with lowest error rate contains the

attributes:

4. el-salvador-aid: 2 (y,n)

3. physician-fee-freeze: 2 (y,n)

7. aid-to-nicaraguan-contras: 2 (y,n)

Error Rate: 4.59 'X,

4.3 Postoperative Patient Dataset

The classification task of this database is to determine where patients 111 a

postoperative recovery area should be sent to next. Because hypothermia is a

signillcant concern after surgery [23]. The data set is widely used in many

c!assiilcation problems in thc past [23]. The attributes correspond roughly to

body temperature measurements. The total number of instances is 90. The

attributes arc (

0: L-CORE-patient's internal temperature in C- [high (> 37), mid (>= 36 and <=

37), low « 36)], I: L-SURF -patient's surface temperature in C-[high (> 36.5),

mid (>= 36.5 and <= 35), low « 35)], 2: L-02 -oxygen saturation in 'X,-

[excellent (>= 98), good (>= 90 and < 98),fair (>= 80 and < 90), poor « 80)],

3:L-BP -last measurement of blood pressure-[high (> 130/90), mid «= 130190

and >= 90170), low « 9(170)], 4: SURF-STBL -stability of paticnt's surface

temperature-[ stable, mod-stable, unstable], 5: CORE-STBL-stability of patient's

core temperature-[stablc, mod-stable, unstable], 6: BP-STBL-stability of

patient's blood pressure-[stable, mod-stable, unstable], 7: COMFORT -patient's

perceived comfort at discharge, measured as an integer between 0 and 20), 8:

decision ADM-DECS-discharge decision[I= patient sent to Intensive Care Unit),

S=patient prepared to go home, A = patient sent to general hospital floor].

Attribute 8 has 3 missing values.

Class Distributions are 1(2), S (24), A (64).
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Table 4.4: Distinct values of attributes of Post operative patient data set.

Total of 8 attributes exist in the domain. Attribute with serial

no 7 has missing value in the examples. This is denoted by "'I".

This means a particular example has no value for this attribute.

AO Al A2 A3 A4 AS A6 A7 Decision
high high excellent high stable mod-stable mod-stable 05 A
low low Good low unstable stable stable 07 I
mid mid mid unstable unstable 10 S

15
?

Table 4.5: Attribute dependency table of Post operative patient data set.

First column of the table gives the abbreviated name of the

attribute in the training data. Middle column gives the

dependency of each attribute. All of the 8 attribute's

dependencies are given in the table.

Attribute ()ependency Attribute SI No(O-8)
Name
A6 0.015755493039959607 6
Al 0.0 I2895888484226865 I
A2 0011632866938200943 2
AO 0.010849464197221156 0
A4 0.009247226522661878 4
A3 0.009136369347329283 3
A7 0.008070034032456439 7
Decision 0.007263092298830586 8
A5 0.002839345223096981 5
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Attributes are plotted against the dependency and the following graph IS

obtained.

~c•"c•"•o

~' ~..,

Attribute name

~.,

Figure 4.3: Attribute dependency chat1 for Post operative patient data SCI.

Horizontal axis denotes the attribute's name and vertical axis

denotes the attributes dependencies.

We plot the error rate against attribute set at each iteration. This graph IS as

follows:
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Figure 4.4: Error rate vs interdependent attribute set of post operative

patient data set. Horizontal axis gives the attributes name and

the vertical axis gives the corresponding error rate.
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The graph shows that final iteration rule with lowest error rate contains the

attributes:

6. BP-STBL (stability of patient's blood pressure) stable, mod-stable, unstable

I. L-SURF (patient's surface temperature in C): high (> 36.5), mid (>= 36.5 and

<= 35), low « 35)

Error Rate: 26.67'X)

4.4 Iris Plants Dataset

This is perhaps the best known database to be found in the pattem recognition

literature. It is widely used in the past [5, 24] in classification and .pattern

rccognition problcms. Conceptual clustering systcm finds classes of the Iris

plants ti.om a set of given attributes. The data set contains 3 classes of 50

instances each, where each class refers to a type of iris plant. One class is

linearly separable from the other 2; the latter are not linearly separable from

each other. Total number of Instances in data set is 150 (50 in each of thrce

classes).Total number of attributes is 4 numeric, predictive attributes and thc

class. There is no missing value in the attributes. The attributes are (0. sepal

Icngth in cm, I. scpal width in cm, 2. petal length in cm, 3. petal width in cm, 4.

class[ Iris Setosa, Iris Versicolour, Iris Virginica]).

Table 4.6: Distinct values of attributes of Iris plant data set. Total of 4

attributes exist in the domain.

AO Al A2 A3 Class
4.3 2.0 1.0 0.1 Iris-setosa
4.4 2.2 1.1 0.2 Iris-versic
4.5 2.3 1.2 0.3 Iris-virgin
4.6 2.4 1.3 0.4
4.7 2.5 1.4 0.5
4.8 2.6 1.5 0.6
4.9 2.7 1.6 1.0
5.0 2.8 1.7 1.1
5.1 2.9 1.9 1.2
5.2 30 30 1.3
53 3.1 3.3 1.4
5.4 3.2 3.5 1.5
55 3.3 3.6 1.6
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Continnation of Table 4.6:

AO AI A2 A3 Class
5.G 3.4 3.7 1.7
5.7 3.5 3.8 1.8
5.8 3.G 3.9 1.9
5.9 3.7 4.0 2.0
6.0 3.8 4.1 2.1
6.1 3.9 4.2 2.2
G.2 4.0 4.3 2.3
6.3 4.1 4.4 2.4
6.4 4.2 4.5 2.5
6.5 4.4 4.6
G.G 4.7
6.7 4.8
6.8 4.9
6.9 5.0
7.0 5.1
7.1 5.2
7.2 5.3
7.3 5.4
7.4 5.5
7.G 5.6
7.7 5.7
79 5.8

5.9
G.O
6.1
G.3
6.4
G.6
G.7
0.9
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Table 4.7: Attribnte dependency table of Iris plant data set. First column

of the table gives the abbreviated name of the attribnte in the

training data. Middle column gives the dependency of each

attribute. All of the 4 attribute's dependencies are given in the

table.

Attribute Dependency' Attribute 81 No(O-4)
NanlC
Class 0.43787840862840843 4
A3 0.2514892348392349 . 3
A1 0.18182307692307692 1
A2 0.17354088319088307 2
AO O.J 734857142857143 0

Attribute dependency chart for this domain:

CI;.lSS :13 <II
. Attrihute Name

,2

Figure 4.5: Attribute dependency chart for Iris plant data set. Horizontal

axis denotes the attribute's name and'vertical axis denotes the

attribntes dependencies.
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Error rate is plotted against attribute set at each iteration. This is as follows:
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Figure 4.6: Error rate vs interdependent attribute set of Iris plant data set.

Horizontal axis gives the attributes name and the vertical axis

gives the corresponding en-or rate.

Final rule contains the attribute:

J. petal width in cm

Error Rate: 4.60'1.,

4.5 Tic- Tac- Toe Endgame Dataset

This database encodes the complete set of possible board configurations at tbe

end of tic-tac-toe games, where "x" is assumed to have played first. The target

concept is "win for x" (i.e., true when "x" has one of 8 possible ways to create a

"three-in-a-row"). The main problem is to find the target concept ii.om a given

set of attribute values. The data set is widely used in many classification

problems in the past II 7, 18]. Total number of instances is 958 (legal tic-tile-toe

endgame boards). Number of Attributes: 9, each cOITesponding to one tic-tac-toe

square. Attributes are (0. top-left-square, 1. top-middle-square, 2. top-right-

square, J. middle-left-square, 4. middle-middle-square, 5. middle-right-square,

6. bottom-Icti-square, 7. bottom-middle-square, 8. bottom-right-square, 9.

Class). Attributes values (x = player x has taken, 0 = player 0 has taken, b ~
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blank). Missing attribute values are none. Class Distribution: about 65.3'!'(, are

positive (i.e., wins for IIx").

Table 4.8: Distinct values of attributes of Tic- Tac- Toe Endgame data

set. Total of 9 attributes exist in the domain.

AO AJ A2 A3 A4 AS A6 A7 A8 Class
b b b b b b b b b negative
0 0 0 0 0 0 0 0 0 positive
x x x x x x x x x

Table 4.9: Attribute dependency table of Tic-Tac-Toe Endgame data set.

First column of the table gives the abbreviated name of the

attribute in the training data. Middle column gives the

dependency of each attribute. All of the 9 attribute's

dependencies are given in the table.

Attribute Name Oelle'lllency Attribute 81 No(0-9)
Class 0.01188628333831695 9
A7 0.0 I0 17926989682871 7
A5 0.01017926989682871 5
Al 0.01017926989682871 1
A3 0.01017926989682871 3
A4 0,01003035537556346 4
AO 0,00883726960208207 0
A2 0,00883726960208207 2
A6 000883726960208206 6
A8 0.00883726960208206 8
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Attributes are plotted against dependency. The chart is as follows:

End Gallle
I\llrlhulc tlcl)CIlt!cncy chart

>.v
c•."
~
Co
v
Q

Class A7 AS A I A3 A4 AD A2 A6 AS

1\lIrihnlc

Figure 4.7: Allribute dependency chart for Tie-Tac-Toe Endgamc data set.

Horizontal axis denotes tbe allribute's name and vcrtical axis

dcnotes the attributes dependencies.

Thc cn'or rate is plotted against attribute set at each iteration. This is as follows:
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A7 A7-A5 A7-A3 A7-A4 A7-A8

Interdependent attribute sct

Figure 4.8: Error rate vs interdependent attribute set of Tie-Tae-Toe

Endgame set. Horizontal axis gives the attributes name and the

vCI1icnl axis gives the corresponding error rate.

Final rule with lowcst crror rate contains the attributes for this domain:

7. bOltom-middle-square: ~x,o,bl, 5. middle-right-square: {x,o,bl.

Error Hate: 23.90°;'.
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4.6 Zoology Dataset

A simple database containing 17 Boolean-valued attributes. The "type" attribute

is the the class attribute. The data set is used in many classification algorithms in

the past [24]. Animal groups are denoted by the "Type". The total number of

instances is 101 and number of Attributes are 18 (animal name, 15 Boolean

attributes, 2 numeric). The main classification problem is to find the name of

the class of the animal given the attribute's value of that animal. There is no

missing value in the attributes. Attributes are (0. animal name, I. hair, 2.

feathers, 3. eggs, 4. milk, 5. airbome, 6. aquatic, 7. predator, 8. toothed, 9.

backbone, 10. breathes, 11. venomous, 12. fins, 13. legs, 14. tail, 15. domestic,

16. catsize, 17. type)

Table 4.10: Distinct values of attributes of Zoology data set. Total of 17

attributes exist in the domain.

AO
aardvark dove kiwi piranha slug
antelope duck ladybird pitviper sole
bass elephant lark platypus spalTOW
bear flamingo leopard polecat squirrel
boar flea lion pony starfish
huffalo hog lobster porpOIse stingray
calf huitbat lynx puma swan
carp giraffe mink pussycat termite
catfish girl mole fnccoon toad
cavy gnat mongoose reindeer tortoise
cheetah goat moth rhea tuatara
chicken gorilla newt Scol1)10n tuna
chub gull octopus seahorse vampne
clam haddock opossum seal vole
crab hamster oryx sealion vulture
crayfish hare ostrich seasnake wallaby
crow hawk parakeet seawasp wasp
deer herring pengull1 skimmer wolf
dogfish honeybee pheasant skua worm
dolphin housefly pike slowworm wren
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Continnation of Table 4.1 0: Distinct values of attributes of Zoology data set.

AI A2 IA3 A4 AS A6 A7 lA' A9 AIO All AI2 IAU AI4 AIS AI6 T"ne

Ihlse raise Iralse lalse false Ii-lise I;llsc lfalse raise false fhlse false 10 raIse talse false Amnhibi-an

trul? true 'true 1rue true tlue true Itrue tme true true true 2 true true true bird

4 fish

5 insect

6 Invl?11ehr-atc

" mammal

rcntilc

Table 4.11: Attribute dependency table of Zoology data set. First column of

the table gives the abbreviated name of the attribute in the

training data. Middle colu111n gives the dependency of each

attribute. All of the 17 attribute's dependencies are given in the

table.

Attribnte Name Denendencv Attribnte 81No(0-17)
Type 0.18098941362605506 T7
A4 0.1628845285408043 4
A3 0.15219808741220325 3
A13 0.15024333619341945 13
Al 0.14355816725982407 1
A8 0.13931424836080453 8
A6 0.08766731352919219 6
A16 0.08463514317016013 16
A2 0.0807278857108441 2
A5 0.07841797653079857 5
AIO 0.07747687891005263 10
A9 0.07290147146170568 9
Al4 0.06700200980508142 14
AI2 0.05907913 797610531 12
A7 0.0507421376606038 7
AI5 0.018001307433701468 15
AO 0.015550424229140674 0
All 0.013023980011462485 1I

65



Chapter Four: Expcrimcnlal Study

Attribute's dependency is plotted against the attribute. This is as follows:

~c•"•C
0-•"B,
.a

~

Figure 4.10:

".:...4lJ -f P ",,,"J "," ",'0 ",to ","to ~'l- ~'" ~•..•o ~Oj ~,,~ ~,,'l- ~ ",,,'" ~o ",•..."

Attribute Name

Figure 4.9: Attributc dependency chart for Zoology data set. Horizontal

axis dcnotes the attribute's name and vCl1icai axis denotes the

attributes dependencies.

Error ratc is plotted against attributc set at eacb iteration. This is as follows:
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Intcrdcpcndcnt nllribulc sct

Error rate vs interdepcndent attributc sct of Zoology data sel.

Horizontal axis gives tbe attributes and veJ1icai axis givcs thc

corresponding error rate.

From the graph it is seen that the final rule with lowest error rate contains the

attributes: 4. milkitrue, false!

Error Rate: 2.97%.
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4.7 Experimental Result

Error rates(%) of Proposed algorithm and NB are given in the following table

and the error rate is compared with some well known algorithm C4.5, LAZYDT,

BSEJ, LBR. We obtain a lower rate than that of NB in each domain except

Lymphography. In this domain NB has lower rate than that of other algorithms

(C4.5, LAZYDT) and NB works perfectly in this domain.

Table 4.12: Comparison of error rate(%) of proposed algorithm with other
algorithms.

I)omain Name Nil C4.5 LAZYDT IlSE.1 LIlR Proposed
all!Orithm

House Votc 84 98 5.6 6.1 8.4 5.6 4.59
Soybean 9.2 85 10 8.2 5.9 6.7
Iris 63 5.7 63 6.0 6.3 46
Lymphography 16.1 2 \.9 19.5 18.2 16.1 I6.1
Postopcrati vc 339 30 378 33.9 33.9 26.67
Tic-Tac-Toe 30.6 13.7 45 21.8 13.5 23.9
Zoology 5.5 7.4 7 4.0 5.5 2.97

From the above table it is seen that LBR has lower error rate in Soybean and

Tic-Tac-Toe domain than that of our algorithm. These two facts is clarified in

Ihe next sections. LBR ignores attribute with missing value. We consider

missing values in attributes [11]. For this reason our algorithm has a slightly

higher error rate in Soybean domain.

4.7.1 Analysis for Soybean Dataset

Soybean data set has many missing values in the attributes of training examples.

Hcrc we mcan "missing values in an attribute for a particular example" is that

the value for that attrihute in a test example is unknown. In our algorithm, we

consider Ihe missing value as a new type of value [II] for that attribute. But

LBR ignores the missing values. As a result we obtain a larger en'or rate for

Soybean domain than that of LBR. On the other hand if we ignore the missing

values in attributes like LBR we obtain a lower error rate than that of LBR for

Soybean domain. Here is a statistics for attributes which have missing value in

the examples in Soybean data set:
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Table 4.13: Statistics for missing value in the attributes in the Soybean

domain. Last column denotes the total number of example

which has missing value in corresponding attribute in the

training data.

Attribute Attribute sl no Total no. of examples containing
Name missing value(?)

in this attribute
A35 34 31
A34 33 106
A33 32 92
A32 31 106
A31 30 92
A30 29 92
A29 28 106
A28 27 84
A20 19 121
A23 22 106
A5 4 121
AI4 13 84

If we ignore the mlssmg values in attributes while calculating attribute

dependency then we obtain the following dependencies for attributes in Soybean

data set:

Table 4.14: Attribute dependency table of soybean data set ignoring the

missing value in the attributes. First column of the table gives

the abbreviated name of the attribute in the training data.

Middle column gives the dependency of each attribute. All of

the 35 attribute's dependencies are given in the table.

Attribute Attribute dependency Attribute SI No(0-34)
Name (MissiIH! values ilmored)
a35 0.1440850968859877 34
a34 0.14189621243796083 33
a33 0.14047519075425213 32
a32 0.12934624799682215 31
a28 0.127825196717452 27
a20 0.12715293961381277 19
a17 0.12452822484703598 16
a30 0.12326844419487978 29
a23 0.12248252354701832 22
a29 0.12099390398409152 28
a18 0.1204921614335488 17
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Continuation of Table 4.14:

Attribute Attributc depcudency Attribute
Name (Missinl! valucs il!uored) 81 No(O-34)
al4 0.12013675583313307 13
a31 0.11589063413130792 30
a13 0.11018616665510211 12
a15 0.10755711162389826 14
all 0.10447436201494624 10
a21 0.1014562841765434 20
a5 0.0998357126076578 4
a16 0.09803623820549003 15
a22 0.08998810410746731 21
a19 0.0813243391962274 18
a8 0.08096674434500432 7
a9 006898133264845267 8
a24 0.06756796465582222 23
a27 00631803113206591 26
a25 006283638878529312 24
a2 006090928261166796 I
class 0.0602989908819818 class
a3 0.05981870604875205 2
a26 0.0590101374073419 25
a4 0.0434754436364 I335 3
al0 0.027685263940558993 9
a7 0.0 I 8313868463145033 6
aI 00 I7289426840164362 0
a6 0.012193619407510523 5
a12 0.009218326484997876 11
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We plot these atlribute dependencies against atlributes. This is as follows:

" .;.
.'
"'"

.~'",'.
.

Allrihulc HOImc

Figure 4.11: Atlributc dependency chaIt for Soybean data set with

ignoring missing value. Horizontal axis denotes the attributc

name and vertical axis denotes the atlribute dependencies.

If we compare dependencies III both cases (missing values considered and

missing values ignored) we see that there is a change in the order of

dependcncics among attributes. This is clarified in Table 4.15.
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Table 4.15: Comparison of attribute's dependencies of soybean data set

among the dependencies calculated ignoring the missing value

and considering the missing value. First halves or the columns

of the table denotes the dependencies calculated ignoring the

missing value. Second halves of the columns of the table

dcnotes the dependencies calculated considering. All of the 35

attribute's dependencies are given in the table.

Missill£ values ignored 1\1issin vallJes considered
Attribute Attributc dependcncy Att •.. AUr. Attribute dcpendency SI

Name StNo Namc 110

0-34
a35 11.14411850968859877 34 329 0.1741148147768I1tIl7 28

,,34 0.14189621243796083 33 ,,34 0.16655758587323488 33

,,33 11.141147519075425213 32 a20 0.164111849411J315217 19

,,32 0.12934624799682215 31 a32 0.157661903t391632 31

a28 o 127825196717452 27 a23 0.1569907694989127 22

a20 11.12715293961381277 19 a33 0.15110309842271025 J2
,,17 0.12452822484703598 16 a5 0.14784659182398138 4

a30 0.12326844419487978 29 a28 O.14765412809728 27

a23 0.12248252354701832 22 a14 0.1440425110131162 13

a29 0.121199390398409152 28 al8 0.1420114011939156918 17

al8 11.1204921614335488 17 a30 0.14102965218211927 29
al4 11.12013675583313307 13 a8 0.14087462579066126 7

a31 0.11589063413130792 30 al3 0.1356451968968302 12

al3 0.11018616665510211 12 a35 0.1348160231340281 (, .14

al5 010755711162389826 14 a 15 0.13448928296769305 14

all 0.10447436201494624 III a9 0.128663311569656903 8

a21 0.1014562841765434 20 a31 0.1250136954522472 30

a5 0.0998357126076578 4 al7 0.12250635559331303 1(,

al6 0.09803623820549003 15 a 16 0.11836843806578816 15

a22 0.118998810410746731 21 a22 0.11706404499400117 21

a 19 0.0813243391962274 18 all O.i1627402988184009 10

a8 0.08096674434500432 7 alO 0.11082311042285567 9

<19 11.06898133264845267 8 a21 0.10183103940935141 211

a24 0.06756796465582222 23 class 0.09506869181147803 35

a27 11.116318113113206591 26 a 19 11.11917037946433417 IS

a25 0.116283638878529312 24 a2 0.117673799037532297 1

a2 11.06090928261166796 I a24 0.06611153731569228 2.1

Class 0.0602989908819818 class a3 0.11597421829111198993 2

a3 0.115981870604875205 2 a26 0.05455056319917149 25

a26 0.11590I0 1374073419 25 a27 0.04840329545949396 2(,

a4 11.114347544363641335 3 .,25 0.114519796 185116194 24

alO 0.027685263940558993 9 a4 0.0448236 I659593675 3

a7 11018313868463145033 6 a7 0.04047682579518786 6

al 0.1117289426840 164362 0 "I 1I.1I2020909103121145!> II

a6 0.012193619407510523 5 al2 11.0187528311150328265 II

.,12 11.0119218326484997876 II ,,6 .0129832115058785969 <;

When we ignore the missing values the highest dependency attribute is "A35"

and considering the missing values in attributes the highest dependency attribute
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becomes "A29". We apply leave-one-out method for new dependencies of

attributes described in our algorithm and the error rate obtained at each iteration

are given in (he following table:

Table 4.16: Enor rate obtained in Soybean data set ignoring the missing
value.

Attributes at each iteration Error rate(%)
A35 5.86

A35-A34 6.73
A35-A33 7.03
A35-A32 7.03
A35-A28 7.76
A35-A20 8.35
A35-A31 10.25
A35-A15 11.13

The enor rate is plotted against the most interdependent attributes. The charI

looks like as follows:

12
10
8
6
4
2
o

A35 A35- 1\35- A35- A35- A35- A35- A35-

1\)4 A33 A32 A2R A20 A31 AI5

Interdependcnt attribute sct

Figure 4.12: Error rate vs interdependent attribute set for Soybean data set

with ignoring missing value, Horizontal axis gives the

attributes name and vertical axis gives the corresponding

error rate.

We see that attribute "A35" has the lowest enor rate of 5.86'X, for soybean

domain wbereas LBR has an error rate of 5.9%. A detail analysis for Tic-.fac-

Toe end game domain has been given in the next section.
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4.7.2 Analysis for Tic-Tac-Toe Endgame Dataset

From the attribute dependency Table 4.9 it is seen that some attributes in this

domain have equal dependency. Attributes in the domain can be divided into

four groups according to their dependency. All attributes in a group have equal

dependency. The four groups are as follows. Each attribute in a group is denoted

by its serial-no mentioned in the attribute dependcney table.

Table 4.17: Attribute groups having equal dependency and attribute

dependency of each group for Tic- Tac-Toe Endgame data set.

Group Order of Attributes serial no Attribute dependency
Name dependency conesponds to table

4.9 in Chapter 4
Group- J First highest : 1,3,5,7) 0.0101792698968287 I

dependency
attributes

Group-2 Second highest {4J 0.01003035537556346
dependency
attributes

Group-3 Third highest :0,2l 0.00883726960208207
dependency
attributes

Group-4 Fourth highest {6,8 J 0.00883726960208206
dependency
attributes

We take exactly one attribute from each group and make a selection criteria by

And operation of these four attributes with their values in one example of

training set (total Example of the domain = 958) which is taken as a test

example of a leave-one-out test. Then we choose subset of examples hom ')57

(958-test example, excluding the test example). A local NB is applied on this

subset of examples and the test example is classified. Thus applying leave-one-

out procedure we classify all examples of training set. Using equation (3.2) error

rate is calculated for each leave-one-out test. The Table 4.18 gives error rate of

some leave-one-out test.
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Table 4.18: Attribute groups having equal dependency used in each

iteration rule and their cOlTesponding elTor rate for Tic-Tac-

Toe Endgame data set. In Each iteration rule, only one attribute

is taken from each group.

Iteration Group-l Group-2 Group-3 Group-4 Error rate ('%)
rule- attributes attributes Attributes attributes of Icavc-olll':-Out test
a) I 4 0 (, 13.57
b) 3 4 0 (, 13.05
c) 5 4 2 (, 20.04
u) 5 4 0 (, 8.04
c) 7 4 0 (, 13.57
f) 7 4 2 (, 211.04

From the above table it is seen that final iteration rule d) has the lowest error

rate (8.04%) having attributes with serial-no is, 4, 0, 6}. This error rate is lower

than that oI'NB, C4.5, LBR, BSE.! listed Table 4.12.

If 1110rethan one attribute is taken from each group and leave-one-out test IS

applied on the training examples, it is seen that error rate increases which IS

greater than that of previous error rate described in Table 4.18. For this later

case obtained error is listed in the following table:

Table 4.19: Attribute groups having equal dependency used in each

iteration rule and their corresponding enor rate for Tic-Tac-

Toe Endgame data set. In Each iteration rule, more than one

attribute is taken hom each group.

Iteration Group-l Group-2 Group-3 Group-4 Error rate

rule attributes attributes attributes attributes of leave-onc-out

test

a) 3,5,7 6 30.38 'x,
b) 1,5,7 4 6 50.42 %

c) 1,3,5,7 4 0,2 63.88 ')10

d) 1,5,7 4 0,2 6 63.88 %

e) 1,5 4 2 6,8 34.44 %,

We obtain a reasonable lower error rate for this domain, it shows a special

characteristics of having more than one attribute with equal dependency.
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Chapter Five

Conclusions

In this thesis, We propose an efficient classification algorithm of Naive

Bayesian(NB) classification which can be used in many real life applications

like medical diagnosis, weather forecasting, gene classification, text

classification, stock prediction, prediction of credit-worthiness and other

practical applications of machine leaming technology for classification, pattern

recognltion, information retrieval tasks. The proposed algorithm improves the

perfonnance of NB in leaming domains where attribute independence

assumption of NB is violated and NB gives an error rate higher than that of

some well known algorithms like decision tree learning C4.5, LAZYDT.

Compared with other existing algorithms improving the perfonnance ofNB, the

superiority of our algorithm is that it introduces a measure of attribute

dependence for each attribute in the training data. A set of most inter-dependent

attributes is selected based on their dependency and by the use of leave-one-out

cross validation on training data. In this way, the detrimental attribute inter-

dependencies in training data for NB classification is factored out and

independence assumption problem of NB is diminished. When a test example is

to be elassitied most inter-dependent attributes with their valtles in the test

example is used to select a subset of examples from training data. A local NB

classifier is applied on this subset to classify the test example. Usc of attribute

dependence shrinks the search space to find a set of effective attributes for local

NB classifier used to classify the test example.
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Chapter Five: Conclusions

The proposed algorithm has been compared experimentally with NB, LI3R,

BSEJ, LAZYDT, C4.5 etc. in a large number of artificial and natural learning

domains. Expcrimental result shows that it improves the performance of NI3 in

each domain and obtains a lower error rate than that of existing algorithms

deployed in the enhancement of NB. Proposed algorithm considers missing

values in attributes as a new type of value. For this reason, It has a slightly

higher error rate in Soybean domain. If missing values in attributes are ignored

performance is improved.

The proposed algorithm is applied on datasets of small size (e.g. Postoperative.

Zoology, Iris) and it improves the performance of NB in these kind of learning

domains. Existing algorithms (LBR) do not improve the performance of NI3 in

domains with a small number of training examples.

Learning domains may have attributes with equal attribute dependency(e.g. Tic-

Tac-Toe Endgame). This characteristics of domains may affect the performance

of the algoritbm. A suitable beuristie may be applied to eradicate tbis problem.

Appropriate cboiee of attributes from each attribute dependency group and usc

of these attributes as most inter-dependent attributes in final rule selection

procedure improves the performance of the algorithm in these domains.

Investigation of appropriate extension of the technique for these type of domains

remains an interesting direction for future research.
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Appendix

Zoology Dataset
Detail of the Leave-One-Out procedure for 11rst iteration (A4):

Here we have introduced an additional identifier "sIno" for simplification of

leave-one-out procedure. This does not affect the whole procedure.

Jnst,lllcc J : "O=chickcn "J =tblsc il2=lruc ,,3=lrllc a4=llllsc a5=lrlic a6=lalsc a7=false a8=lblsc a9=lruc a 1{)=Iruc
all =Iblsc a 12=lblsc ,,13=2 a 14=lrue ;115=lruc a 16=falsc

Selection criteria for subset generation A4='false' and slno!=]
Subset Total EXllmp1es: 59.0
Total class calegories in subset: (1
P(aO=chickcn I :ll1lphihian): 0.0
l'(al=tblsc I amphibilln): O.856()(16Mil66666uu
P(a2=lflll.: Illmphibi:ltl): O.0633333J33J333J34
P(aJ=truc Illmphibian): 0,86
P(a5=lruc I amphibian): O.076M166M166u66667
P(a6=falsc I amphibian): n.21333333333333335
J'(a7=falsc I amphibian): O.3l333333333333335
P(a8=lblsc I amphibian): 0.13
P(<l9=truc I amphibian): 0.94
I'(ill O=true I amphibian): 0.9299999999999999
I'(al [=Iblsc I amphibian): 0.806666(1666666666
P(.J12=f<llse I amphibian): 0.9433333333333334
l'(uI3=2 I amphibian): 0.08666666666666667
I'(a 14=truc I amphibian): 0.4133333J333333333
pea 15=truc I "mphibian): 0.04
I'(aI (>=Iblsc I amphibian): 0.8533333333333333
I'(amphibian): 0.06779661 016l)49153
Cluss Name: amphibian: !(Product oCall conditional Probabilily)*P(Class value)]: 1.714222(103521923E-9
P(aO=chieken I bird): OJ)
Pea I=talsc I bini): O.959047619047() Il)
1'(<l2=trtu: I hird)' O.f)22857142H571428
P(il3=(lllC bird): 0.1)(1
P(a5=lnIC bird): O.736Jl)04761904762
P(a6=ti_t1sc bird): 0.68
l'{a7=Hllsc bird): 0.5 [H0952380952J8
/'(a8=lalsc bird): 0.9419047619047(1!9
P(n9=truc I bird): 0.9828571428571429
P(ilIO=truc I bird): O.9X
I'(ill I=tblse I bini): O.9()23801)52380Q524
pea 12=falsc I bird): O.()8380952)80952)8
Pea 13=2 I bird): 0.9295238095238095
l'(aI4=lruc I bird): O.l)752380952380952
pea 15=lruc Ibird): O.[0666666666666666
P(nI6=Calse I binI): OJl723809523809524
I'(bird): (J.3220J38983050847
Class Namc: bird, [(l'rodlICt of all conditional Probability)*P(Class vulllc)]: 0.004086809464998421
l'(uO=chickcn I fish): 0.0
I'(al=falsc I fish): O.lJ42()()()6(}6(lM()(}(}7
1'(a2=lrlic I fish): 0/J25JJJ33J3J3J33JJJ
1'(a3=truc I /ish): 0,94400000000000(JI
1'(a5=t1"uc I t1s11):(},0306MM(16(J6(J(J(,(J7
l'(a(}i:=talsc Ilish): n.OS53JJ3)3)33))J3)
l'(a7=f"lse I fis!l.l: {J.J253333333333333
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P(aX=f:.llse I Jish): O.05200000000000()005
P{al)=truc I fish): 0.976
1'(:IIO=truc I fish): 0.10533333333333333
P(al I=false I fish): O.922666666(J666667
P(u I2=false I fish): 0.11 0666666M666666
P(a I3=2 I fish): 0.034()6666()()6Mlu6665
Pea 14=truc I fish): 0.9653333333333334
Pea I5=trllc I fish): 0.08266666666666667
P(aI6=false [fish): 0.674666(}(166666(}()6
P(tish): 0.22033898305084745
Class Name: lish, I(Product of all conditional Probability)*P(Class value)): 4.308413571848901 E-12
P{aO=chicken I inscct): 0.0
P(al =false I inscct): 0.5 I4
P(a2=truc [ inscct): 0.038
P(a3=true [insect): 0.916
P(u5=lrue [insect): 0.646
P(u6=falsc [inscct): 0.928
P(a7=llllse I insect): O.787999(Y)99l)l)l)9l)l)
P(a8=false I insect): 0.878
P(al)=trlle I insect): O.163l)9990()l)99l)9098
I'(u IO=true I insec!): (J.lJ58000000000000 I
P{a I I=flllsc I insect). 0.784
P(,1l2=tlllse I insect): 0.%6
P(a 13=2 I inscc\): 0,052000000000000005
P(,114=truc I insect): 0.148
P(u I5=truc I insect): 0,124
l'(aI 6'=lalse I insec!): 0.1)12
l'(insecl): 0,13559322033898305
Class Name: insect, [(Product of all eonditionall'robabiJity)*P{Class value)]: 1.04 Il)l)472641 96475E-7
l'(uO=chickell I invertehratc): 0.0
P(a 1=jllise I inveI1ehrnte): 0.9283333333333333
P(a2=trllc invertebrate): 0,03 I66(}(1(1(166666667
1'{:13=trlle inveltebrote): 0.84666666Cl6666667
P(:15=trllc invcrtebrate): OJJ3X33333333333334
P(,iC)=!lllse invettebrute): 0.44
1'(a7=false inveI1ebrate): 0.24
1'(;18=false invel1ebrate): 0.81)83333333333334
P(a9=ll"ue [ invertebrate): O.136(,6(J(1666(1666666
I'(a I(J=true I invertebrate): 0.38 16M16666666667
P(a I I=j~llse [ invertebrate): 0.82
Pta 12=t~llse [ invertebrate): 0.97 I6666(J6(J(IU6667
P(al3=21 invertcbrate): 0,043333333333333335
P{o14=lrlle I invertebrate): 0.20666M66666()(l667
P{a 15=lrlle I invcrtebrate): 0.02
P(:lI 6=llllse I invertebrate): 0.8433333333333334
P(invertcbnl1c): O.I69491 5254237288
Class N:lll1C:invcrtebrate, I{Produet of<ll1 conditional Probability)*P(Class value)]: 9.6304049554700%E~11
[l(aO=chickell [reptile): (J.O
Pta I=false I reptile): 0.877142857142857J
l'(a2=truc I reptile): 0.(l54285714285714284
P(a3=trlle I reptile): 0.7371428571428571
l'(a5=trllC I reptik): 0.06571428571428571
l'(a()=falsc.1 r.:ptile): 0,7542857142057142
l'{a7=folse I reptile): 0.26857142857142857
P(a8=f:l1sc I reptile): 0.25428571 42857143
l'(al)=trllc I rcptile): 0.94857 I428571428()
Pea IO=trlle I repttlc}: 0.797 I428571428572
Pea I 1=ralse I reptile): O.fJ914285714285714
ll(a! 2=I~tlsc 11\.:ptilc):O.l)514285714285714
Pta I3=2 I reptile): 0.07428571428571429
P{a I4=trllc I reptile): O.l)257]42857 I42857
l'(uI 5=tl"lle I reptile): O.0342R57142857142lJ
P(alh=t~llse I reptile): 0.7314285714285714
['(reptile): O,OS47457(J27I 18644
Class Name: reptile, [(Product of all condilional Probability)*P(Class vallie)]: 8.()377 39234754 I38E-l)
[llst:JIKe Sllll) l: class name bird

Instance 2 : aO=chllb a I=false a2=I~tlsc :l3=trllc a4=llllse :lS=faJsc u6'=ln.lc a7'=true a8=true a9=trllc a IO=llllse
a I I=Ialsc :l12=lme a 13=0 a 14=truc a 15=lalse a 16=false
Sdet:lion criteria lill"subset generation J\4='llllse' and slno!=2
Subset Towl E,xamples: 59.0
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Total class categories in suhsCI: 6
P(aO=chuh I 'llllphibian): 0.0
P(al=falsc I amphibian): 0.8566666666666666
P(a2=false I 'lll1phihi'ln): 0.9333333333333333
l'(a3=Il"lIc I 'llllphihi'ln): (I.S()
P(a5=falsc I amphibian): 0.9199999999999999
l'(a6=true I amphibi'ln): 0.7833333333333333
P('l7=truc I amphihian): 0.6833333333333333
P(aH=lruc I amphibian): (J.866()6666()6M(,6()()
P(a9=lruc I amphibian): 0.94
Pea 10=f'llse I 'lmphibi'ln): 0.06666666666666667
Pea 11 =falsc I amphibian): 0.8066666666666666
I'(a 12=(rue I 'lmphihi'ln): 0.05333333333333334
Pea 13=0 I amphibian): 0.07333333333333333
Pea 14=true I 'llllphibi'ln): 0.41333333333333333
Pea 15=falsc I amphibian): O.95666M666666666
Pea 16=false I amphibian): 0,8533333333333333
P(al1lphibian): O.O()77%() I016949153
Class Name: amphibian, f(Prodlitt of all conditional Probability)*P(Class value»): 1.32734816431 40987E-()
P(aO=chlib I bird): 0.0
P(al=falsc I bird): O.%()90909()l)()I)090X
1'('l2=falsc I bird): 0.07272727272727274
1'{;13=lrllc I bird): 0,9618181818181818
P('l5=false I hir(I): 0.2509090909090909
1'(;16=trllc I bird): 0.3045454545454545
P(a7=truc I bird): O.4590909090909(1l)1
P(aX=trllc I bird): 0.05454545454545454
l'(a9=truc I bird): 0.9836363636363636
P(aIO=tlllsc I bird): (H11818l818181818184
P(all=false I bird): 0.9927272727272727
I'(a J 2=truc 1 bird): n,o 14545454545454545
P(a 13=0 I bird): 0.02
1'(aI4=lruc I bird): O.976363636363CJ363
P(aI5=false I bird): O.RSI81818181 8181 8
P(u I()=lblse I bird): O,()X72727272727273
l'(bird): 0.3389830508474576
Class Name: bird, [(Prodllcl orall (;{}Ildilinnal Prnbability)*P(Class valuc)]: 1.2871320137552647E-IO
l'(aO=ehub I fish): 0.0
P(a I=false 111511):0.9385714285714285
1'{;12=111lseI Ilsh): 0.97 I4285714285714
P(;JJ=lruc I fish): 0.94
l'(a5=f.t1st.: 11ish): O.%57142857142X56
P(;I()=lruc I fish): 0.9071428571428571
P(a7=truc I fish): n,M
l'(a8=truc I fish): 0.942857 I42R571428
P(a9=truc I fish): 0.9742857142857142
P(aIO=falsc llish): 0.8857142857142857
Pea 11 =falsc llish): (J.9171428571428571
P(aI2=lrlle I I1sh): (U~H
Pea 1J=O I fish): O,888571428571428()
P(;1I4=lrlie I fish): 0.9628571428571429
P(aI5=tblse I tlsh): 0.91
1'('11(J=fulse I I1sh): O.65142H57142l'\5714
l'(lish): 0.2()338l)830508474()
Cbss Nal11t.::fish, I(Produet nfall condition'll I'rnbahilily)*P(CI'lss value)]: 0.03305833102626958
1'(aO=chuh I insect): O.{J
I'(a I=Illise I insect): n,5 I4
l'{a2=false I inscel): O.%OOOOOOOO()O()OOI
1'('l3=lrue I insect): O.l)I()
1'(a5=false I insect): 0.352
1'(a6=lrue insect): 0.06999999999999999
P(a7=lrllc inscct): 0.2 IOOOOOOOOOO()0002
l'(a8=lrue insect): 0.12
P(ul)=lrLIC insect): O.I 63999999()l)<)i)()9<J8
I'(a 10=false I insect): 0.04
l'(all=falsc I insect): 0.784
I'(a 12=truc I inscct): 0.032
1'(.113=0 I insect): 0,044
1'(aI4=lnll: I insect): 0,148
I'(a 15=falsc I insect): (U0399l)<)I)<)I)()()9<)<)(j
P(a 1()=J:llse I inscct): 0.91 2
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P(insect): 0.13559322033898305
Cbss Name: insect, [(Product nfall conditional Prohability)*P(Class value)}: 3.2508698939861J24E-l1
l'(aO=dlllb I illvertcbrate): 0.0
P(al=false I inveI1cbrate): ().92iBJ3333J333333
1'(a2=false I invertebrate): 0.9666666666666667
P(a3=true Ilnvertebrate): 0.8466666666666667
l'(a5=Jlllsc I invel1ebrate): O.96()OOOOOOOOOOOOI
P(a()=true invertebrate): 0.5583333333333333
P(a7=true invertclmlle): 0.7583333333333333
1'(a8=truc invertcbrate): O.0!)l)!)l)9!)!)999999999
I'(al)=trllc invertebrate): O.1366()6()M166666666
l'(a IO=ralse I invertehrate): 0.6166666666666667
P(a 11=false I invertebrate): 0,R2
I'(a 12=truc I invertebrate): O,02(,(}6(,('(,()(16666667
P(a 13=0 I invertebrate): 0.37
I'(a 14=truc I invertebrate): 0.20666666666666667
I'(a I 5=falsc I invertebrate): O.97H333333 3333334
l'(aI6=falsc I invertebrate): O.8433333333333J34
P(invertebrate): 0.1694915254237288
Class Name: invertebrate, [(Product of all conditional Probability)*P(Class value)]: 6.08583271822701 E-7
P(aO=chllb I reptile): 0.0
l'(a I=false I reptile): 0.8771428571428571
l'(a2=ralse I reptile): 0.l)428571428571428
1'(a3=truc I reptile): 0.7371428571428571
P(a5=false I reptile): 0.l)314285714285715
P(a6=true I reptile): 0.24285714285714283
P(a7=truc I reptile): 0.72857]4285714285
P(a8=truc I reptile): 0.7428571428571429
P(a9=trlle I reptile): 0,9485714285714286
P(:lI O=lllbc I reptile): 0.2
P(all=false I reptile): 0.6914285714285714
1'(;1I2=lruc I reptile): 0,045714285714285714
1'(:1l3=O I reptile): OAl) 142857142857144
l'(uI4=truc I reptile): 0.9257142857142857
Pea 15=I"alse I repli1c): O.%2H57142X57!42!)
P(a 16=false I reptile}: 0.7314285714285714
P(rcptile): o Otl.47457627 I 18644
('lass N<llllC:reptile. [(Product or all conditional Probability)*I'(Class V<lllle)]: 1.2151620520202515E-j
lnst:lIlce sino 2 : class nallle ["ish

Instance 3 : :lO=c1am a I=tllise a2=false a3=tmc a4=false a5=falsc a6=tlllsc a7=truc a8=false a9=falsc a IO=false
a I I=I"alsc a 12=lblsc a 13=0 a 14=lblse a 15=false a 16=11l1se
SckL:tion criteria fill" subset generation A4='false' and slno!=3
Subset Tol:!1 Examples: 59.0
Total class catcgories (n subsd: ()
l'(aO=c1am I <ll11phibian):0 0
1'(a I=fa 1se I amphibian): (J.X566()()()()66C!()6(J()6
l'(a2=false I amphibian): (l.l)333333333333333
1'(:13=trlle I amphibian): 0.86
1'(u5=false I amphibian): O.()l l)l)99()l)l)l)!)l)9999
I'(a(l=falsc I amphibiall): 0,21333333333333335
J'(a7=lrlie I amphibian): (l.()ID3333333333333
l'(a8=["alse I amphibian): 0.13
j'(a9=false I <llllphibian): 0.05666()(16(,666(,(1667
1'(a IO=fulsc I alllphi hian): O.0666()(J()6()66(J(}(J()67
1'(all=l"ulsc I amphibian): O,SOCJ(i()()(}()()()666()Mj
I'(a 12=false I amphihian): 0.9433333333333334
1'(;113=0 I amphibian): 0.07333333333333333
l'(aI 4=false I amphibi:!n): 0,5t1.33333J33333334
P(a] 5=falsc I amphibian): O.9S066666()()(166666
I'(aI 6=llllse I amphibian): (U-:533333333333333
]'(amphibian): O'(l677%G] 016lJ49 J 53
Class Namc: amphibian. !(Product of all conditional Probability)*P(Class value)]. 8.1596372847] 609XE-H
P(a(l=claml bird): 0.0
P(a I=I"ulse I bird): 0 %09090l)Ol)09090H
P{a2=false I bird): 0,07272727272727274
l'(a3=trlle I bird): O.9()[8IXI818181 RIR
1'(a5=llllsc I bini): (},25{)l)09(JI)Ol)Ol)()l)(}l)
l'(a(Fl"alsc I hird): 0.6945454545454546
1'(a7=true I bini): (}.45l)Ol)Ol)O<)Ol)Ol}()l)]
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P(ug=fulsc I bird): 0.Y445454545454.545
l'(u9=false Ilmd): 0.015454545454545455
P(.110=llllsc I hird): O.()18181818181818184
P(all=false 1bird): 0.9927272727272727
P(aI2=llllsc I bird): ().9845454545454545
Pea 13=0 I bird): ().02
P(aJ4=false I bird): 0.()22727272727272728
P(a 15=lblse I bird): 0.85 J8181818181818
P(aI6=fblse I bird): O.()872727272727273
P(birct): O.338983050847457()
Cbss Name: bini, r(produet of all collditional Probability)*P(Class v<llue)l: 1.2583510124621 04E-1 0
P(aO=clam I fish): 0.0
P(u I=fulsc I fish): O.942(i6666()66(i6()67
P(a2=false llish): 0.9733333333333334
J'(a3=tl"llc 11.ish):O.l)440000000000001
1'(:.l5=f<llsc1tish): 0.%8
P(u6=falsc llish): 0.08533333333333333
l'(a7=truc 1fish): (J.6733333333333333
l'(il8=Jblsc jlish). O.0520000000()0000005
P(al)=tblse llish): O.022()666(,()()666()U67
1'(:1I()=falsc 1tish): O.8')3J33333J333333
I'(a 1 I=false 1fish): O.lJ2266666()(166(l()67
P(a 11=falsc I fish): 0.11066666666666666
1'(0113=0 I fish): 0.8%
Pea 14=false j fish): (J.03JJ3333333333333
P(a 15=fulsc llish): 0.9 I6
Pea 16=lblse 11ish): 0.6746666666666666
P(llsh): 0.220338l)8305084745
Class Name: fish, I(Product of all conditional Probability)*P(Cbss value)]: 2.1064198938449653 E-8
P(aO=clallll insect): 0.0
p(.Jl=ralse I insect): (J.514
]'(a2=ralse I insect): O.%OOOOOO(J{H)OO()Ol
P(a3=lrlll.: I illsecl): (J.l)I()
P(u5=l"ulse I insect): 0.352
l'(a()=l"alse I insect): o.ng
1'(:J7=true I iJ1S\':l.:t):0,21000()()000()000002
P(<lR=false I insect): 0.878
I'(ill)=falsc jlllscct): 0.834000000000000 I
P(al O=false 1insect): 0.04
1'(.111=false 1Insect): 0.784
P(uI2=tlllse I inso..:ct):0.%6
1'(:113=0 I insect): 0.044
1'{:114=false 1insect): 0.850000000000000 I
P(:lI 5=ralsc 1insect): 0.8739Y99lJ99l}9(]999
l'(aI6=!lJlse 1insect): 0.912
P(inseet): 0.1 355(]32203389g305
Class Name: insect, I(l'roducl of all conditional I'robability)*I'(Class value)): 2.7801572156691521.:-6
P(aO=cl;11111in\'l:rtl::hrate): (J.O
P(a 1=false I invcI1ebratc): O.92l8181 gIg 181819
P(a2=false 1inveI1ebmte): 0.%3(J363636363637
!'(a3=It"uc I invertebrate): 0.8327272727272728
l'(aS=false I invel"lebrate): O.95(l3()3(d(l363()3M
l'(a()=fulse I invertebrate): O.31)(jOl}(Jl)Ol)0901)0904
J'(a7=true I invcrlebrate): 0,7363(J36363(J36363
J'(aR=false I inveI1ebrate): O.8g\)Ol)09090~)09092
I'(al)=false I inveJ1ebratc): O.8490909090l)(J9091
1'(aIO=falsc I invertebrate): 0,5818181818181818
1'(<1I I=rulsc 1invertebrate): 0.803(1363636363636
1'(.112=falsc 1invertebrate): 0.%90909090909091
I'(a 13=0 I invertebrate): 0.3 127272727272727
1'(aJ4=llJlse Illlvertebrate): 0.7727272727272727
l'(uI5=l"alse 1invertebrate): O.97636363()3636364
I'(al(l=false 1invertebrate): O.8290r)09090909091
I'(invertebrate): 0,15254237288135594
Class Name: invertebrate, [(Product or all conditional Probnbility)*P(Class vulue)]: 0.00206888192204561 JX
l'(aO=clallll reptile): (J.O
P(u I=false I reptilc): 0.8771428571428571
P(a2=tlJlse I reptile): 0.9428571428571428
P(a3=truc I reptile): 0.7371428571428571
l'(a5=llJlse I reptile): O.1.J3142857142X5715
P('-l()=I":.llseI reptile): 0.7542857142857142
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l'(a7=lrue I reptile): 0.7285714285714285
P(a8=false I reptile): 0.2542857 [42857143
P(a9=false I reptile): 0.04857142857142858
l'(alO=false I reptile): 0.2
pea II =false I reptile): 0.6914285714285714
pea 12=false I reptile): 0.9514285714285714
pea 13=(J I reptile): 0.49142857 [42857144
P(a 14=false I reptile)' 0.07142857142857 [42
P(a 15=false I reptile): 0.%28571428571429
pea 16=false I reptile): 0.73142857 [42R5714
I'(reptile): 0.0847457627118644
Class Name: reptile, [(Product of all conditional Probability)*P(Class valuc)]: 1.0623458982644412E-6
Instance sino 3: ehlss m1l11Cil1vertcbmtc

Instance 4 : aO=crab a I=f<llsc a2=falsc a3=truc a4=false a5=falsc -a6=truc a7=truc a8=falsc a9=false a IO=ralsc
a I I=false a 12=falsc a 13=4 a 14=[i.lI$ca 15=false a 16=false

Selection criteria for subset generation A4='false' and slno!=4
Subset Total Examplcs: 59.0
Total class categories in subset: ()
l'(aO=crab I amphibian): 0.0
I'(aI =false I amphibian): O.85666666(166C!(1666
P(a2=false I amphibian): 0.9333333333333333
1'(a3=true I amphibian): 0.86
1'(a5=false I amphibian): o.() I99999999999999
1'(a6=truc I amphibian): 0.7833333333333333
l'(a7=truc I alllphibi.lIl): 0.6833333333333333
P(a8=falsc I amphibian): 0.13
P(a9=1"::llse1amphibi:lIl): 0.056666666(16666667
Pta IO=false I al11phibinn): O.06M66666(J()666667
P(all=falsc I amphibian): 0.806666(16(J6666666
Pta l2=f.dsc I alllphibinn): 0.9433333333333334
Pea 13=4 I amphibian): 0.789()l)()()99999()999
J'(a14=false I amphibian): O.5H33333333333334
P(a[5=false I amphibian): O.9566fJ()()666666666
I'(a 16=falsc I amphibian): 0.8533333333333333
l'{:lmphibian): 0.067796610 1694() [53
Class Name: ul11phihian, [(Product n1'all conditional Prohability)*P(Class valuc)]: 3.22763493304164II:AI
l'(n()=crab 1bird): 0,0
Pta I=falsc I hird): 0.%09090909090908
l'(a2=falsc I bird): 0.07272727272727274
P(a3=lrue I bird): 0.%1818181818l818
l'(a5=falsc I bird): O.250909090Q090\)09
P(a()=lruc I bird): 0.3045454545454545
l'(a7=truc I bird): 0,45l)69090'J0909091
P(a8=false I bird): (Ll)445454545454545
1'(a9=falsc I bird): 0.015454545454545455
l'(aIO=falsc I hird): 0.018181818181 R18184
l'(all=falsc I bird): 0.9927272727272727
]l(al2=false I hird): 0.9845454545454545
P(a I3=41 bird): O.03363636363h3(J3(14
l'(a 14=fa15c I bird): 0.022727272727272728
I'(a 15=false I bird): 0.8518181818181818
I'(a 16=tldsc I bird): 0.6872727272727273
['(bint): O.338()l:i305()8474576
CI:Jss Name: hinl, I(l'rodllct of all conditional l'rnhability)*P(Class value)]: 9.279664921 14932E-I I
P(aO=crah 1fish): 0.0
P(al=falsc I fish): 0.9426666(1666(,66(17
l'(a2=l"aI5c I fish): () 973JJ33333333334
l'(a3=truc I fish): 0.9440000000000001
l'{a5=fnlsc I fish): 0,%8
l'(a(l=lrllc 111sI1):(J.9]3333333]333333
l'(a7=true I fish): 0.6733333333333333
P(:18=1;llsc 1Jish): 0.052000000000000005
P(a()=false 1Jish): 0.0226666666666()()() 7
I'(a IO=Hllse 1fish): 0,8933333333333333
1'(:l1l=false I fish): O,92266666(J666(1(1(17
1'(.1I2=falsc Illsh): n.] I06(16666(}()66fJM6
['(a 13=41 !ish): (J.()4933333333333333
I'(a 14=fa15e 11ish): 0.03333333333333333
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I'(llI 5=falsc I.fish): 0.916
P(1l16=talsc I fish): 0.674()()666()()(}6()66()
1'(lish): O.220338()8305084745
CI:.lsSName: fish, [(Product of all conditional Probabi!ity)*P(Class value)]: 1.2413321291271545E~8
r(aO=crab I inscct): 0.0
Pea I=falsc I insect): 0.514
P(a2=lalsc I insect): 0.9600000000000001
P(u3=truc I insect): 0.()16
P(a5=lalse I insect): 0.352
P(1l6=truc I insect): 0.0699999(1)99999991)

P(n7=true I insect): 0,21000000000000001
P(a8=!alse I insect): 0.878
P(al)=false I insect): 0.8340000000000001
Pea 1O=false I insect): 0.04
P(all=false I insect): 0.784
P(uI2=lalse I insect): 0.966
P(aI3=41 insect): 0.074
I'(a 14=f<llse I inscct): 0.8500000000000001
P(aI5=lalse I insect): 0.87391)l)999Y<JI)l)<J99.
P{aI6=false I insect): 0.912
l'(insecI): 0.13559322033898305
Class Name: insect, [(Product of all conditional Probability)*P(Class value)]: 3.526943176226049E-7 .
P(aO=crab I invertebrate): 0.0
Pta I=false I invcI1ebrate): 0.9218181818181819
P(a2=1"ulse I invcI1ebrate): 0,9636363636363637
l'(aJ'''true I invertebrate): 0,8327272727272728
P(a5=f:llsc Ilnvc11ebrate): O.956363()363636364
l'(a6=true I invertebrate): 0,5181818181818182
P(:17=truc I invertebrate): 0,7363636363636363
l'(a8=t"ulse I invenebrate): 0.8~N090Y(}909()9092
1'(aY=falsc I invCI1ebrate): (J.841)090{)0901)()9091
P(aIO=false I invertebrate): 0.5818181818181818
P(all=I"ulse I invertebrate): O.R03636](J36363()36
Pea 12=false jlllvertebrate): 0.96I)Ol)()(J090909091
P(a 13=4 I invertebrate): U.06727272727272728
P(aI4=1;l!~e [invertebrate): 0.7727272727272727
Pta 15=lal~e [ invertebrate): 0.9763()36363636364
P(a I(j=lalse [ invertebrate): 0.82909090l)0909091
I'(invertebrate): 0.15254237288135594
Class Name: il1\'enebrnte, [(Product of nll conditional Pl'Obabilily)*P(Class value)]: 5.927070 I66260325E-4
P(aO=crab I reptile): 0.0
Pta 1=false I reptile): 0.8771428571418571
1'(:.l1=false I rcptile): 0.9428571428571428
P{,:13=trueI reptile): O.737141857142~571
l'(a5=false I reptile): ().<J3142857142X5715
P(a(}=true I reptile): 0,24285714285714283
1'(1l7=truc I reptile): 0.7285714285714285
1'(a8=1"ulsl:I reptile): 0,2542857142857143
P(a9=false I reptile): 0.04857142857142858
l'(aIO=falsc I reptile): 0.2
l'(all=blsc [reptilc): 0,6<J14285714285714
P(:1I2=lalse I reptile): 0.9514285714285714
Pea 13=4 I reptile): 0.3914285714285714
P(aI4=I"ulsc I rcptilc): 0.07142857142857142
P(a 15=fulsc I reptile): 0.9628571428571429
P(:II h=false I reptile): 0.7314285714285714
P(leptile): 0.0847457627118644
Class Name: reptile, I(Product of all conditional Probability)*I'(Class value)]: 2.7244137564502775E-7
Instance sl no 4: class n:lIl1Cinvel1ebr:ltc

Instance 5: aO=craylish al=!alsc a2=falsc a3=truc a4=lillsc a5=J"ulse :16=true a7=truc a8=lalse a9=lalse al()=false
a I I=talse a 12=false a 13=6 a 14=falsc a 15=Ib.lse a 16=tillse

Selection criteria for suhset gellCr:ltioll A4='!"ulse' and slno!=5
Suhset Tntal Exumples: 5().O
1'ut:11cluss categories in subset: ()
l'(aO=crayfish I amphibian): (j,O
I'(a I=false I amphibian): (l.8566(l6(}66(16(l6666
l'(a2=iUlse I amphibian): ().lJ333333333J33333
1'(u3=trtle I amphibian): 0.86
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P(a5==false I amphibian): O.919Y9999Y9999999
P(a()=true I amphibian): 0.7833333333333333
P(<l7=truc I nmphibian): 0.6833333333333333
P(n8=f:11se I amphibian): 0.13
]>(a9=falsc I amphibian): 0.05666666666666667
1'(aIO==false 1anlphibian): O,066M666(166666667
I'(all=f:llse I :lmphibian): 0,SO()(i666MMi66666
P(:l12=1'alse I amphibian): 0.9433333333333334
pea 13=61 amphibian): 0.03
P(aI4=false I amphihian): 0.5833333333333334
pea 15==1'ulseI amphibian): 0.0566666666666666
l'(aI (l==falseI :llllphibian): 0.8533333333333333
P(amphibian): 0.0677966101604015]
Class Name: umphibi:m, [(l'rodllct of all conditional Probnbility)*P(Class v<lluc)]: 1.2256841517879651:-7
l'{uO""cwyfish I bird): 0.0
1'(:11==falsc bird): 0.9600090Y09090908
I'(J2=falsc bird): 0.07272727272727274
1'(:13==truc Imd): O,9618181K18181818
I'(J5=false bird): 0.2509090909090909
P(aCr=truc 1bird): 0.3045454545454545
P(a7=true 1binI): 0,45909090(01)09091
l'(a8==false 1bird): 0.9445454545454545
l'(a9==f:llse 1bird): 0.015454545454545455
Pta IO=falsc I bird): 0.018181818181818184
I'(a I I""false I bird): 0.9927272727272727
I'{a 12=false I bird): 0,9845454545454545
P(a 13=61 bird): 0.00818181818181818
I'(JI4=lblsc 1bird): 0.022727272727272728
J'(a15=1'alsc I bird): 0.8518181818181818
I'(al(l=f:llsc I hild): O.MI72727272727273
J'(hird): O.33111)8J0508474576
Class Namc: bird, {(Product of all conditional Probability)*P(Class valucl'l: 2.257215791630t) 1%1:-11
1'(:lO=crayfish I I"ish):0.0
I'(a 1=f:1lse llish): 0.942MJ6666(IM6667
P(:l2=f:llse 11Ish): (J.1J733333333333JJ4
1'(:13=truL:I fish): O.94400000000CJ()OOI
l'(a5==fblse I tish): O.%l'\
1'(a(J==lrucI fish ): 0.91 33333333333333
l'(a7=lruc I fish): 0,6733333333333333
l'(al'\=lnlsc I tlsh): 0.052000000000000005
I'(al)=lblse I tlsh): (l.022666666()6(J6M(17
p(<ll()=(alsc I tish): O.l'\933333333333333
P(<lll =falsc Ilish): O.922()666666666667
I'(a 12""false Ilish): 0,11 0666666()()()6CJ(1!J()
P(<lI]=61 flsh): 0.012
l'(a 14=lblse I fish): 0.03333333333333333
l'(:lI 5=falsl: I fish): O.lJI(1
1'{~116==hilseI fish): O,674()()(166(1(J()M1Ml6
P(lish): O.22OJJ81)8305084745
Class Namc: lish, f(l'roduct of all con(!itiolwl Probability)*P(C1ass value)]: 3.0194565303092947E-9
P(aO=erayfish I insect): 0.0
J'(al=falsc I insect}: 0.514
JJ(a2=1~llsc I insect): O.%OO(JOO(J()OO()OOOI
1'(<l3=tl"lleI insect): 0.916
l'(a5=llllse I inscct): 0.352
1'{;J()=true 1insect): O.0699999(1)9991)IYY)l)
1'(a7=true I insect): 0.21 OOOOOOOOOOOO()02
l'(aH==[;llse1insect): 0.878
1'(a9=1"<JlseI insect): O.H3400000()OOOO()01
l'(alO==lll\se I iIlSl:CI):0.04
J'(all==f:11sc I insect): 0.784
l'(a12=falsc I insect): O.%()
Il(a 13=(l I insect): o.g 18000000000000 I
Pta 14=f:dse I insect): O.850000000ooonoo 1
]l(aI5=falsc I illscct): O.H739l)1)99lYYY)I)IY)')
I'(al(l=jlllsc I inscct): 0.(JI2
l'(il1sect): 0.13559322033898305
Class Namc: insect, (Product of all conditional Probability)*f'(CI<lss value)]: 3.R98702051557985E-6
l'(aO==crayfish 1invertebrate): 0.0
l'(a I=Iblse I invc11chralc): 0.1)218181 X18181819
l'(a2==lblse I in\'crtebr<llc): O.%36J()3(l36J(J3(JJ7
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l'(a3=true 1invertebrate): 0.8327272727272728
l'(a5=false 1inveI1ebrate): 0.9563636363636364
P(a6=true 1invertebratc): 0.518181 R181818182
P(a7=true 1invertebrate): 0.7363636363636363
P(aX=false I inveI1ebrate): 0.8R90909090909092
P(n9=fnlse I inveI1ebr<.lte):0.84()090909(JQ09091
l'(a1 O=false I invertebrate): 0.5818181818181818
pea II =lulse I invertebrate): 0.8036363636363636
P(aI2=f<llse I invertebrate): 0.9690909090909091
pea 13=61 invertebrate): O. J 0727272727272727
P(aI4=1ulsc I invertebrate): 0.7727272727272727
pea 15=false I invcrtebrate): 0.9763636363636364
pea 16=false I invertebr<lte): 0.821)0909090909091
P(invenebrate): 0.15254237288135594
Class Name: invertebrate, [(prnduet of all conditiol1nJ jlmbability)*P(Class vnlue)]: 9.45127404890 1598E-4
1'(<lO=cnlyfish I rcptile): 0.0
P(<l1=I:llse I reptile): 0.8771428571428571
l'(a2=I":.llse I reptile): 0.9428571428571428
P(:J3=true I reptile): 0.737142X571428571
l'(a5==falsc I reptile): 0.9314285714285715
l'(a()"'true I reptile): 0.24285714285714283
l'(a7=trlle I replile): 0.7285714285714285
l'(a8"'l":.llse 1reptile): 0.2542857142857143
l'(a9=false 1reptile): 0,04857142857142858
I'(aI O==falseI reptile): 0.2
l'(all"'lulse I reptile): 0.6914285714285714
l'(a 12=J":.llseI reptile): 0.9514285714285714
pea 13=() I reptile): 0.025714285714285714
P(a 14=l":.llse1reptile): O.()7142857142857142
I'(a J5=false I reptile): 0.%28571428571429
I'(a 16=falsc I reptile): 0.7 J 14285714285714
P(reptilc): ().(J847457627118644
Class Namc: reptile, [(Product of nil cOllditional Probability)*P(Class value)): 1.7Ri)76()X6I90 I642(lE-8
Instance 51110 5: L"1nssnamc invcrtehrnte

Similarly we get for otlll'r examples as I"ollo\\'s:

Instance 6 . aO=bulTal0 a I=truc a2",jhlse a3"'jhl5e a4"'lrue a5=fhlse a6=lhlse.a7=lhlsc a8=truc a9=lruc a 1O=trllc
a I I"'t":.llsca 12"'l"<Jlse.113=4 a 14=true a 15=lulse a 16=truc
Selection criteria for subset generation A4='true' and slno!=6
Class Nallle; mamma!, [(l'roduct of all conditional Probability)*P(Class value)): 0.09755589743311713
Instance sl no C> class name mammal
Instance 7 : aO==calfa 1=truc n2=l":.llsca3=1:\lse a4=truc a5=false a6=lalse a7=false a8"'true a9=true a IO=true
a 1I=false a 12=j:llsc a 13=4 n 14=true a 15=true a 16=truc
Selcction critcrin 1"orsubset generntiol1 A4='truc' and slno!"'7
Class Name: mammal, r(proulict of all conditional Probability)*P(Class vulue)]: 0,()20933749182447184
lnstancc sl no 7 class name Illalllillal
Instance K . a()=carp a I=lalsc :12=false aJ=true a4"'false a5"'I"<Jlsea6==truc a7=Julse a8=trllc a9=trllc a 1{)=t:llsc
a 11"'Jil1se a 12==trlle<113"'0a 14==trllea 15=trllc a 16=false
Sclection criteria for subset generation A4='fhlse' and slno!=g
Class Namc: al;1phihian, [(Product oral! conditional Probability)*P(Class value)]: 2.544826598701%9E-8
Class Namc' bird, r(Produet of all conditional Probability)*P(Class value)]: 2.617541541250073XE-Il
Class Name' fish, [(l'roduct 01"all eonditionall'robability)*P(Class valuc)l: 2.6552CJ6794008853EA
Class Name: insect, l(Prouuct of all conditional Probability)*P(Cluss value)): 1.730679955765354E-Il
Class Namc: invcrtebrate, l(Prodllctllfall conditional Probability)+P(Class vnlllc)]: 3.937442738115684E-l)
('1:.IssN<l11lc:reptile, {(Product of all conditional Prohability)"'P(Cluss value)]: 1,59504601 (1964%64E-7
Instance sl no g class namc fish
Instance l) : :.I{)"'cal1isha I"'l"<Jlsen2"'llilse a3"'trllc n4"'j":.llsea5"'false a6=true a7"'true aR"'true a9"'true a I()"'falsc
a I I=l":.llsea 12=true n I3==0a 14=truc a 15=false a 16"'llilse
Selection critena for subset gener<ltion A4='false' and slno!=9
t'lass Nallle: amphibian, [(Product of al1 conditIOnal Probability)*P(Cluss value)]: 1.32734816431409871:;>(1
Class Name: bini, [(Product of <Illconditional Probability)"'P(Class value) I: 1.2871320137552647E-I ()
Class Name: ['ish, [(ProdLlct of all conditional Probability)*P(Class value)]: O.03305g33 102626958
Class Name: insect, [(Pr()(luct of all conditional Probability)+P(Class value)): 3.250R698939861324E-II
('lass Name: invcrtebrate, j(l'roduct of all conditional Probability)*P(C1ass value)]: 0,0858327182270 IE-7
('lass Name: reptile, !(I'roduct of all conditionall'robability)+I'(Class value)]: 1.2151620520202515E-5
Instance sl no 9 class nnll)C 11sh
Instance 10 : aO=cavy a 1=true a2=Jalse a3=false a4=true a5=lulse ao=l":.llsca'7=false a8=true a9=tme a 1O=truc
a I I=1"<Jlsca 12=lulse a 13=4 aI4=J":.llsc a 15=truc a 16=false
Sclcetion triterin for subset gcneration A4",'trlle' and slno!=1 0
('lass Namc: ll~allllllal, [(Product nfalJ conditional Probability)"'P(Class vulue))" 9.289 I32582864564E-4
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Instance sino 10 dass !lame mamilla I
Instnncc I I : aO=cheetah nl =true a2""!alse a3=lalse a4=true a5""falsc a6""false a7""true a~=true al):::trlle a I()=truc
a II ""tblse a 12""falsc a 13=4 a14""trut: a 15""lblse a 16""truc
Sclection criteria for sllbset genermioll A4='truc' and slno!=11
Class Name: nl:lllllllal, [(product of all conditional Probability)*P(Class vnlue)]: 0.11419413841482463
Instance sl no II ehiss namc malll1ll31
Inslance 12 : 30""3ardv3rk a I""true 32""f:.llsca3=false a4""tme a5=lblsc a6""false a7""true a8=truc a9""true a IO""truc
a I I""]alse a I2=]alse a 13=4 a 14=l"alsl::a 15=false a 16""true
Selection criteria for subset generation A4",,'true' and sIno!:::] 2
Class Name: mammal, [(Product ol"llil conditional Probability)*P(Class value)]: 0.017702022584U34256
Instancc sl no 12 class name mammal
Instance 13 : aO"'antelope a I""true a2=false a3=fblse a4=true a5""fblse a6=lblse a7""false a8=true a9=true u I()=trlle
a I I=talse a I2:=:tblsea 13=4 a I4""trllc a 15""tblse a 16""truc
Seltx:tion criteria for subset gencration A4='trlle' and slno!=13
Class Name: mammal. [(Product Mall conditional ProbabiJity)*P(Class vallIe)]: O.0lJ7555!:N7433I 1713
Instance sIno 13 class nal111::11l:ll11l1lal
Instancc 14 : aO""bass a 1""false a2""f:llsc a3""truc a4""false :l5=fnlsc a()""truc a7""truc a8""trllc a9""truc a IO""J:llsc
u II =rulse a 12=tnle u I3"'0 a 14=true a 15=fblse a 16=]blse
Selcction critcria for subset generation A4='f:llse' 'lnd sino!"" 14
Class Name: ul11phibian, [(Product of all conditional Probability)*P(Class value)J: 1.3273481643140987E-6
(.1;lSSNUllle: bird, [(Product of all cnnditional Prob'lbility)*P(Class value»): 1.2871320 137552M7E-l 0
Cbss N'llllc' fish. [(Producl of all conditional Prohahility)*P(Class value)]: 0.033058331 0262695X
Class Nallle: insect, [(ProdlICt of all conditional Probability)*P(Class value»): 3,25086989398613241:-11
('luss N:lllle: invertcbrate, [(Product of all conditional Probability)*P(CI:ISS value)]: (1.0858327182270 I E-7
Class N'lme: reptile. [(Product ot"all condition:ll Probability)*P(Cluss value)]: 1.2151620520202515E~5
Instance sl no 14 class name fish
Jnstum:c J5 : a()""bcar a 1""truc a2""falsc a3""t"alsea4=lruc a5""falsc a()=]blse a7=lrue aR""lruc 'l9=truc a IO=lrlle
all =fulsc a l2=Jalsc a l]=4 a l4=false :J15=]blse u 16=tnlc
Seleetilln criteria for subset generation A4",,'lrlle' :lnd slno!""15
Cbss Name: l11al11l11:1l,[(Product of all conditionall'rohabi1ity)*P{Cbss value)]: 0.0 I770202258403425()
Instanec sino 15 class nalllC Illalllmal
Instance I() . aO"'hoar a I=truc a2=lblsc aJ=t"alse a4""trllc a5=false a6=falsc a7=trlle a8=truc a9=truc a IO=trw:
:JII ""talse a 12""lblse a 13=4 'I I4=true a 15""lblsc a 16""truc
Se1cction criteria for sllbset generation A4='true' and slno!=16
( 'lass Name: mammal, I'{Prnducl or all condition'll Probability)"'P(C1ass v:Jluc)]: 0.1 141()413X414H2463
Instance sino ]() class name mUlllmal
Instance 17 : aO"'crow a I=t~lse a2=truc uJ=truc a4""lblse a5=true a6=j~lsc a7=lrllc a8=lblse :l9=true a 1O""lruc
a I I""false a 12""l"alsea 13""2 a 14""true a 15""false a 16""false
Selection criteria for subset generation A4='false' and slno!= 17
CI:lsS Name: amphibian, [(Product of:l11 condition'll Pmbabilily)"'P(Class v'lluc)]: 8.941160 184238()~D E-H
Class Namc: bird, [(ProdLlct oCall conditional Probabi1ity)*P(Class value)]: 0.0270708B69I 4577()6
Class Name fish, l(l'rodllct of all conditional Probability)*P(Class value)]: 9,880() 15167566098E-I I
Class Nall1e: insect, I(Product n["ull condilionul Probahi1ity)"'P(Class valuc)]: 1.95725lJ211632779E-7
Class N'llllc: invertebrate, [(Product of all conditional Probability)*P(Class valuc)]: I .4885050390808624~-X
Class Name: reptile, I{Product ofal! condilional Probability)*P(Class value)]: 6.5805329888173481:-7
lnst'lnce sIno 17 ChlSSnalllC bird
1\1stance IX . aO""deer a I""true a2""false aJ""false a4""truc a5""1;1Isea(Flblsc u7=fulse a8""trlle a9""trlle a 11)""trlle
ul I""t"alsc:J12=f"illsca 13=4 nl4""trllc a 15""l"alsc'I I6""true
Selection cri tcria for subset generation A4",,'true' and sino!"" 18
Class Name: lllull11naLl(1'rodllct ot"all conditional Prnbahility)*P(C1ass value)]" 0.0975558974331 171J
Inst<lnce sino 18 class name 111:1111111'11
Instance I() : :IO"'doglish a I=f"illsea2""fblse a3=true a4=lblse a5=lblse a6""trlle a7:::true aX=true al)=truc a I()=ral.~c
a I I=false :J12=true a 13=() a 14""lrlle a 15""tblse uI6""{rue
Scit:t:tion critcri:l for subset gcnerution A4=']blse' and sIno!"" II)
C'!ass Name: 'lillphibian, /(Product of all conditional Prob'lbilily)*I'(Class value)): 2.229530 119746338E-7
('hiSS Nalllc: llll'd, [(Product ofal! conditional Probability)*P(Class value)]: 5.839765617%370 IE-I I
('lass N:Jllle: fish, !(Product ot"'Ill conditional Probabilily)"'P(CI'lss valuc),!: 0.0 13()()17936141886()
Class Name: insect, I(I'roduct of ull conditional hobability)*P(Class v'llue)]: 3.0655132772237M6E-12
Class Name. invertebrate. I(I'rnduet of all conditional I'robability)*],(Class value)]: 1.1 I85423770{)54387E-7
Class Name: reptile. I(Product of till conditional Probabi1ity)*P(Class value)]: 4.4144558921048] 9E-(j
Inslunce sl \1019 class namc lish
Instance 20 : aO=dolphin a I=li.lIse a2""flllse a3=t"alse a4=lrue a5=false a6=trlle a7=trllc a8=true a9=truc a IO""trlle
a I I""rabc a 12""truc a I3""0 a 14=trlle :J] 5=lblsc a 16""true
Selection criteria for subset gencrati.on A4",,'truc' and slno!""20
Class Namc: manuml, [(Product of all conditiol1nl Prob'lbi1ity)"'P(Clnss value)]: 7.1 I3254948545375E-()
Instance sino 20 class name 1l1'll11111al
In.'.tunce 21 : aO=dnvc :JI""Iblse a2=truc a3=truc a4"'lblse a5=truc a6"'J3lsc a7=]blsc a8=falsc a9=true a In=tl"Llc
a I I""Ii-lisea 12""131sc:J13=2 a 14""truc a 15""tmc a 16=false
Sdectiol1 criteriu Ii))"suhset gcneration A4",,'fulsc' and slno!""21
(.Iass NUI1lt:::Jlllphibian, [(Prodllct of all conditional I'robability)*P(cluss value)']: 1.714222603521923E-()
Class Name: bird, j(Producl or all cOllditionall'robability)*P(C1ass value)]: ().0040g680()4M99842I
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Class Name: fish, l(l'roduct of;j1J conditional Prohability)*I'(Clnss valuc)]: 4.30841357184890 IE-12
Class Name: insect, [(Product of all conditional Probability)*P(Class valuc)J: 1,041 9947264196475E-7
Class Nnme: invertebrate, [(Product of all conditional Probabi1ity)*P(Class value)]: 9.6304049554700%E-ll
Class Name: reptile, W)rouuct of all conditional Prohability)*P(Class valuc)]: 8.637739234754138E-9
Instance sl no 21 class name bird
Instancc 22: aO=duck al=false n2=trllc a3=truc a4=lulsc a5=true a6=tfllc a7=ialse a8=false a9=true al()""truc
ul I=fulse a 12=false ul 3=2 a 14=true a 15=lalse al6=lillse
Sckction criteria for subset gener:ltioll A4='false' and slno!=22
Class Name: amphibian. [(Product of all conditional Probability)*I'(Cluss valuc)]: 1.50541332675 I772E-7
CI<lSSNume' bird, [(Product oral] conditional Probability)*P(Class v:lluc).f: 0.012919230175873795
Cluss Name: fish, [(Product of all conditional Prohahi1ity)*P(Class value)]: 5.IO%72088821155E-10
Class Name: inscct, [(Product of all conditional Probabi!ity)*P(Class value)]: 5.539943458213468E-8
('lass Name: invertebrate, [(Product of all conditional Probability)*P(Class valuc)]: 5,977812444660406E-9
('lass Name: reptile, ({Product ofall conditional Probability)*P(Class value)]: 7.lU0228547333723E.8
Instance sl no 22 class name bird
Instance 23 : aO=e1cphant a I=true a2=false u3""false a4=true a5=false a6""fnlse a7=false a8=true a9=lrue a IO=truc
all =lulsc OJ12=false a 13""4 a 14""true OJ15=false a 16""true
Selection critena for subsct genemtilln A4='true' <lndslno!=23
Clnss Name: l11aI11l11<l1,[(Produi:t of all conditional Probability)*P(Class value)]: 0.09755589743311713
Instance sino 23 class nallle lllalTlIlml
Instance 24: aO=llamingo al=false a2=truc a3=true a4=false a5=true n6=false a7=Ib.lsc a8""false a9=truc
a IO=true a I I=lb.lse nl2=false a 13""2 a 14""true a 15=fnlse nl6=truc
Selectioll criteria for subset generation A4='false' and slno!=24
Class Name: amphibian, [(Product of all conditional Prob<lbilily)*P(Class va.lue)]: 6.8864652181198081:-9
('lass Name' bird, [(Product of all conditional Prohability)*P(Class value)]: 0.013432378068948609
Clnss Name: fish, ((I'roduct of all conditional I'robabilily)*P(Class value)]: 2.292652269852185E~ I I
Class Namc' insect, [(Product of all condilional Probability)*P(Class vahle)]: 6.92562355127037E-8
Class Nallle: invcrtebrate, [(Product orall conditionall'robability)*P(Class value)]: 8.6583240(,00 14294E-1 ()
('lass Namc: rcptile, [(Product of all conditional Probability)*P(Class value)]: 8.81234978373793(J1:-8
Jnstancc sl no 24 class name bird
Instance 25 : a(J=tlea 'II =false a2=1"<1lsea3=true a4=falsc a5=false <l6=fulse <l7=falsc a8=lillse a9=1illse OJIO=truc
all =lube a J2=false a 13=6 a 14=falsc a 15=llilse a I6=false
Sdcction critcria fur subset generation A4='I"<1lse'and slno!=25
Class Name: amphibian, I(Product of all eondition<ll Probability)*P(Class value)]: 2.1 352015818R54542 E-7
Class Namc: hird, [(l'ruduct of all conditional Probability)*/'(Class v<llue)]: J.2MJ691Ml7272537E-9
Class Name fish, J(Product of all cOllditiotlnl Prob<lbility)*P(Class value)j: 1.6071 %288992625E-Il
Class Name: insec!, [(I'rodllct ol"all conditional Probability)*P{Class valuc)]: 0,002360675483556681
Cbss N:lme: invertebrate, [(Product of all conditional Probabi1ity)*P(Class value)]: 3.646466346746874E-4
Class NOJll1c.reptile, [(I'rnduct of all conditional Prob<lbility)*P(Class value)]: 8.16721229076 I 162E-8
Instance sl no 25 class namc insect
Instance 26: aO=I1'og al=lulse a2=lulsc a3=true a4=false a5=false n6=true a7=true a8=true a9=truc alO=lruc
a I I=Iillse ;j12=t"<1lse'113""4 aI4=I"<1lsca 15=fa1sc nl6""false
Seiectl(}ll critcria for subset gencrutioll A4='Ib.lsc' and slno!=26
Class Namc: amphibian, [(Product of all conditional Probability)*P(ClllSS value)]: 4,071362387721417E-4
Class Nallle: bird, 1 (Product of all conditional Probability)*P(Class valuc)]: 1.6728041632195033E-ll
Class Nall1e: fish, [(PrOtluct of all conditional Probability)*P(Class vallie)]: 1.529800937930174E-9
('lass Name: insect, r (product of 'Ill condition:ll Pl'Ohahility)*P(ClllSS value)']: 4.540445881 7720706E-1 ()
('lass Namc' invcrlcbrate, I(I'roducl of ull conditional I'robllbility)*I'(Class value)]: 3.433913042l)I)51643E-H
('I<lss Namc: reptile, I(Product ol"al! conditional Probabi1ity)*I'«(:luss v<lluc)j: 1.770042470H96956E-7
Instancc sl no 26 class namc amphibian
Instance 27 . aO=li'og 'II =falsc a2=false u3=true a4""false a5=1"<1lsea6=true a7=truc a8=truc u9=truc a IO=truc
'II I=true a 12""t'alse a 13=4 a J 4=lulsc a 15""lillse nl6=false
Selection critCl'ia fur subset gencmtioll A4='false' and slno!=27
Class Name: amphibian, [(Product of all conditional Probability)*P(Class va"luc)]: 1.4843508705234338E-5
Class Name: bird, I(Product of all conditional Probabi!ity)*P(Class value)]: 1.07231036103814331:-13
Class Namc: !ish, [(l'rodllct of all conditionnl Probability)*P(Class value)]: 1.2600% 1482950852[-1 0
Class Namc' insect, j(l'roduet 01"all conditional Probability)*P(Class valuc)]: I ,23()356401402070 1E-I 0
Class Name: invcrtebrate, J(Product oCall conditional Probabilily)*P(Class value)]: 7.4680()2918708995E-I)
Class N<lll1c:reptile, [(Product of all conditionnl Probability)*P{Class value)]:7.82()220842395635E-8
l11stance s1 nn 27 cbss name amphibian
Instance 28 : aU=lhJitbat a I""truc a2=fulse aJ=I"<1lsca4=lruc a5=truc a(I""falsc a7=1"<1lsea8=truc a9=true :11()=true
a I I=false a 12""1O.1sea 13=2 a 14=truc a 15=1"<11sea 16=t"<1lse
Selection cnteriu for subset generation A4='true' and slno!=28
Class Name: lllallll11llLr (Product of all conditional Probabilily)*P(Class value)]: 2 188175()8M() 14253 E-4
Instance sino 28 class nalllC mammal
Instance 21) : aO""giraffe a I""tme a2""1"<11sen3=false a4=true a5=false a6""lalsc a7""1'alse a8=true a9=lruc 'II O""truc
a I I=t'alse a 12=1"<1lsea 13=4 a 14=lrllC al5=falsc a 16=lruc
Sclectioll criteria for subset gcneratioll A4='true' und slno!=29
Class Name: 11l;Jll1ll1al,[(Product 01''111c(JnditiDlwl Probability)*P(Class value)]: 0.097555897433 I 171J
Inst:JIlL'Csln(J 2lJ d<lss name l1lalllmal
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[nst,lIlce 30 : aO=girl a [=true a2=Jlllse a3=false a4=truc a5=falsc :.l6=llllsc a7=trlle a8=trlle a9=truc a IO=truc
a 1[=false a 12=llllse a 13=2 a [4=lalsc a 15=truc al6=trllc
Sclection criteria ror subset generation A4='true' and slno!=30
Class Namt:: mammal, [(Product oral1 conditional Probability)*P(Class value)]: 8.05675414151792 [E.4
Instance sl no 30 class name mammal
Instance 3 [ . aO=gnat a [=false a2=false a3=true a4=false a5=truc a6=false a7=false a8=lalse a9=false a 1O=truc
a II =Illlse a 12=llllsc a 13=6 a 14=fblse <l15=f<llse<l16=false
Selection criteria for subset generation A4='tlilse' and slno!=31
Class Name: amphihian, [(Product of all conditional Probability)*P(Class value)}: 1.77933465157121 ICJf:-8
Class Namc: bird. [(Product of all conditIOnal Probability)*P(Class value)]: 9.7408958M584412E3)
Class Nalllc. fish. [(Product of all conditional Probability)"'P(Class valuc)]: 5.091 (l(l8684136416E-13
C1ilSSNamc: insect, [(Product 01"all conditional Probabi!ity)*P(Class valuc).I: 0.005114796881039475
Class Nalllc: invertebrate. I(Product of all conditional Probability)*P(Class value)]: 1.45605427040239721:-5
Class Name: reptile, [(Product of all conditional Probability)*P(Class v:)lue)]: 5.762\43640721 064E-()
Instance sl no 31 class n<lIllCinsect
Instance 32 : aO=goat a I=true a2=false a3=false a4=truc a5=falsc.ao=false a7=false a8=truc a9"=truc a IO=trlle
a II =Ialse a 12=false a 13=4 <l14=true a 15=truc a 16=lrue
Selection criteria for subset generation A4='true' and slno!=32
Class Name: 11l3mmal, [(Product of all conditional Prohability)*P(C1ass value)]: 0.(201)33749182447\ 1)4
Instance sino 32 class name mammal
Instancc 33 : aO=g01illa a I=true a2=Hl1se a3=false a4=true a5=falsc a6=lalse a7=false a8=true a9=true a IO=true
a II =false a 12=false a 13=2 a 14=false a 15=lalsc a 16=lrue
Selection critel"la for subset generation A4='true' and slno!=33
Class Namc: mammal. [(Product of all conditional Probabilily)*P(Class value)]: 0.003207571450584547
Instance sino 33 C1<1SSll<lmCmammal
Instance 34 : uO=gull ill =lalse a2=truc <l3=truc a4=lblse a5=true a6=true a7=truc aH=lalse a9=true a IO=truc
a I I=Ialse u 12=lalse a 13=2 a 14=truc <II5=llllse a I ()=Ialse
Selection criteria for subsct gcneration A4='false' and slno!=34
Class Name: <ll1lphibian, [(Product orall cunditional Probability)*P(Class value)]: 3.283082255150141 E-7
Class Name: bird, !(Product of<ll1 conditional Probability)"'P(Cl<lss value) 1: 0.0 IOlW5(106121365028
Class Namc: I1sh, [(Product of all conditional Probability)*P(Class value)]: 1.0575345921535589E-9
Class Name: insect.l(l'roduct of all conditional Probability)"'P(Class value)]: 1.4763808708436907E-8
Class Name: invertebrate, [(I'roduct of all conditional f'robability)*P(Class value)]: 1.888822682 I6700341:-R
Class Name: reptile. I(Product of ull conditional Probability)"'P(Class value)]: 2.1187322123086154E-7
Instance $1no 34 class name bird
Instance 35 : aO=ll<1ddock<11=1":Ilse:l2=1":Ilsea3=true a4=f<llse a5=false a6=true a7=flllse a8=truc a9=true
a IO=falsc a II =l"ulse a 12=truc a 13=0 a 14=true a 15=f<llse a 16=false
Selection criteria for subsct generation A4='lalse' :lnd slno!=35
Cl<lss Name: amphibian, I(Product ofal! conditionnl Probability)*P(Class value)]: 6.086376948562207E-7
Cbss N:ll1lc: bird, [(prodllCt of all conditional Probability)*P(Class value)]: 1.5139731 01327975E-I 0
CI:.Iss Name: fish. [(Product of all cnnditionall'robability)*P(Class value)}: 0.0 [4095200481530328
Class Nalllc: insect. [(Product of :.IIIconditional Probability)*I'(Cbss value)]: 1.219850226886225E-I 0
('!:iss Namc invtrtchrate, I(l'rnduct of all conditional Probability)*P(Class value)]: 1.9260657393(41)2221:-7
("1:.lssName: reptile, 1(I'rnducl of all eondition:.ll Probability)*P(CI:.Iss V:.lllle)]:4.479420897643281 1:-0
Instance sIno 35 ChlSSnumc fish
Instance 3(1 : aO=hal11ster a I=truc a2=lalsc a3=false a4=true a5=false a6=false a7=false a8=true a9=truc a IO=truc
;J II =Ialse :.I12=lalsc a 13=4 a 14=true a I5=true a 16=f315c
Selcction criteria for subset generation A4='lruc' and slno!=36
Class Name: mammal. /(Produet of:lll conditional Probability)*P(Class value)]: 0.0059923349825460l'\(1
Instance sl no 3(1class naille mammal
Instance 37 : aO=hare a I=truc a2=1":Ilsca3=tblse a4=true a5=false a6=lblse a7=false a8=true a9=true a IO=truc
a I I=t:llse a 12=1":Ilsea 13=4 a 14=lrue a 15=I":llsea 16=lblse
Selection criteria for subset generation A4='truc' and slno!=37
Class Name: mamlllal, [(Product of all conditional Probability)>l<P(Class valuc)]: 0.027925605291 58')OH2
Inst<lllce sIno 37 class namc mamilla I
Instance 38: aO=hawk al=lblse a2=true a3=true a4=lblsc a5=true a6=lblse a7=true a8=lblse a9=lrue alO=trllc
all =!":Ilsca J 2=false a 13=2 a 14=truc a 15=lalse al6=falsc
Selection criteriu for subset generation A4='falsc' and slno!=38
Class Nmne: amphibian, 1 (Product nf <IIIcondition<ll Probability)*I'(Class value)]. 8.941160 I84238683E-R
Class Name: bird.l(Product or all conditional Probability)*P(Class value)]: 0.02707088691457766
Class Name: fish, I(Pmduct of all conditional Probability)*P(Class value)l 9.880(11 51 67566098E-I1
Class Name: insect, [(Proliuct of all condition<ll Proh<lbility)*P(Class value)}: 1.95725921 1632779E-7
Class Nallle: invertebrate, to'roduct of all conditional Probability)*P(Class value)]: 1.48850503908086241:-8
Class Namc: reptilc. !(Product Of,lll conditional I'robahility)"'I'(Class value)]: 6.58053298881 7348E-7
Instance sino 38 class name binI
Instance 3() : nO=)lcrril1g a I=false a2=false aJ=lruc a4=1":Ilsea5=false a6=true a7=t1"llea8=true a9=trlle n IO=false
iJ II =lalse a 12=true :.l13=0 a 14=trul: a 15=t":llsea 16=falsc
Selection critcria for subset generation A4='false' and slno!=39
Cluss Name: amphibian, [(Product of all conditional Probability)*P(Class value)]: 1.3273481643140987[-6
Class N<llllC:bird. I(l'rodllct of all conditional Probnbility)*P(Class value)]: 1.2871 J20 137552647E-1O
Class Name- fish. [(Product or all conditional Probability)*P(Class value)): 0.03305833 102626958
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Class Namc: insect, [(Product of all conditional Probability)*P(Cluss valuc)]: 3.250869893986] 324E-] ]
Class Namc: invcrtebrate, [(l'l'OdUel ofall conditional Probability)*P(Class value)]: 6.08583271822701 E~7
Class Namc: reptile, l{Prodlict of 'Ill conditional Prob<lbility)*P(Class value)]: 1.2151 (120520202515E-S
Instance sIno ]') class naillc fish
Instancc 40: aO""llOlleybee al""true <l2=lll1sea3=true a4=falsc a5=truc a()=falsc a7=false a8=false a9""false
a IO=trllc a II ""true a 12=f:llse '113=6 .114=false <l15=trlle a 16=fulsc
Selection Cl"llcna for subset gencration A4='false' and slno!=40
Class N<llllC:<lll1phibian, [(Product urall conditional Probabilily)*P(CI<lss value)]: 2.8637337810988967E-II
Class N:llnc: bird, [(Prodllct orall conditional Probability)*P(Class valuc)]: 4.28%7143505620841:-13
Class Namc: fish, ('(Product of all conditional Probability)"'P(Class value)J: 2.24850432116951 ME-I (1
C1'lSSName: insect, [(Product of all conditional Probability)*P(Class valuc)l: 2A517619772050053E-5
Class Nume: invertebrate, [(Product of all conditionall'rohability)*I'(Class value)]: 4.8812772685143674E-9
Class Name: rcptile, [(Product orall conditional Probability)*P(Cbss valuc)]: 1-24112270408752061:-11
Instancc sino 40 rI'lSS name insect
Instance 41 : aO=hOllsetly a I=true a2=L11se a3=true a4=falsc a5=true a6=false a7=falsc a8=falsc a9""ralse
a J{j=true a I I=false a 12=false a I3=6 a 14=false nl5=false a 16=false
Selection criteria for Sllbsct generation A4='falsc' and slno!=41
Class NUJl1e:amphIbian, [(Product oCal1 conditional Prohability)*P(C1'lss valuc)]: 2.9078(,207649770 I [-I)
Class Name: bird, ro'roduct 01'0111condition'll I'robabi1ity)*P(Class value)]: 3.87055464817923551.:-10
Class Namc: fish, ["(Product of 'Ill conditional Probnbility)*P(Class vnluc)]: 3.0247536737444055E~14
Class Name: insect, I(product of all conditional Probability)*P(Class vnlue)]: 0.004744159425891686
Class Name: invertcbrnte, [(Product of all conditional Probability)*P(Class value)]: 1.097lJ224JOI059369E-(,
Class Name: reptile, [(Product of all conditional Prnbability)*P(Class value)): 7.883062961 247058E-I 0
Instance sino 41 class name insect
Instance 42 : aO=kiwi a I=falsc a2=trllc a3=true n4=false a5=false a6=falsc a7=truc a8=falsc al}=true a IO=truc
a II =false a 12=falsc a 13=2 a 14=tme a 15=false a 16=falsc
Selection critcria for subset generation A4""'false' and slno!=42
Cl<lsSName: <lmphibian, [(Product of all conditional Probability)*P(Class value)]: 1.0729392221 08M2L:-6
Class N<lnle: birtL [(Product of all conditional Probability)*P(Class vnluc)]: O.007914M4815904983
Class Name: fish, [(Product or all conditional Probability)*P(Cluss value)!: 3.118837657240428E-9
Class N.1Il1e:inscct, [(ProdlICt of all conditional Probability)*P(Clnss vnlue)]: 1.06M941834283874E-7
Class Name: invertebrate, [(Product oCall conditional Probability)"'P(Class valuc)): 3.727734358741639E-7
Class Namc: rcptile, I(l'roduct of al1 conditional Probubility)*P(Class value)]: 9.32719023()323719E-6
Ins1:lnce s'lno 42 cI'lsS namc bird
Instancc 43 : aO=I.ldybird a I=false a2=f;lIse a3=lrue 4l4=false a5=truc a6=llllsc a7=lrllc a8=false a9=lulse
a I{)=true a I I=1:l1se a 12=falsc a 13=6 a 14=false a 15=false a 16=fnlse
Selection criteria 1t)r subset generation A4='false' and slno!=43
Class Name: amphibian, [(Product or al1 conditional Prnbability)*P{Class value)]: 3.88046386778828UiE-R
Class Name: bird, (Product 01'0111conditional Probabilily)*P(Class value)']:8.281401366355433E-9
Class Name: !ish, [(Product of [Ill conditional Probability)*P(Class valuc)]: 1.0538084776593815E-12
Class Name: insccl, l(Product of al1 conditional Probahility)*P(Class value)]". 8.177727571429395E-4
Class Name: invertebrate, l(Product of '111conditionall'robability)*P(Class valuc)]: 4.60072703495202E-5
Class Name: reptile, j(Producl of<ll1 conditional Prob<lbility)*P(Class value)]: 1.563134711 046()72E-8
Instance sIno 43 class name inscct
Instance 44 : aO=lark n I=Iulsc a2=true a3=true a4=lalse a5=true a6=falsc a7=lalsc a8=false a9""true a I{)=truc
a J I=ra1se a 12=falsc a 13=2 a 14=truc <l15=falsc a 16=ihlsc
SdcclioJl eriteri.l J()r subsc( generation A4=.'false' and slno!=44
('lass Name: <lJllpllihian, j(J'roduct oral! conditiollull'robability)*I'(Class vallleH: 4JJ998490(l0089')J2E-H
Class Name: bird, [(Product of'lll conditional Probabi1ity)-*P(Class value)'): O.0323660713879785h
('lass Name: Jish, [(Product of all conditional Prob'lbilily)*P(Class value)): 4.774000 19(J7745081:-1 J
Class Name: insect, [(Product of all conditional Probability)*P(Class valuc)]: 7.3..+4382184602997E-7
(.!ass Natm.:: inVCrlchmte, [(Product or all conditional Prohabilily)*I'(Class value)]: 4.71 Ofl730907I 7455t:-()
('lass Nanlc: reptile, [(Producl of all conditiorwl Probability)*P!Class valuc)j: 2.4257651017(10 120()E-7
Instance sl no 44 class name bird
Instance .45 : <lO=leopard a I=true <.l2=1ulsea3=false a4=true a5=false a6=lillse a7=truc a8=truc a9=true a IO=truc
all =Iulse <l12=false a 13=4 a 14=truc a 15=lulsc a 16=truc
Sc\ectioJl criteria rm suhset gClteratinn A4='truc' and slno!=45
("lass N<llm::maJl1J1l'll,[(Product of all conditional j>robability)*I'(Class value)): 0_114194138414824(\3
Instance 51no 45 class namc mammal
IJ1st~J1CC46 : uO=lioJ1a I=true a2=false a3=tillse a4=true a5=false a(,=Jlllsc a7=truc a~=true a()=lrue a IO=true
a I 1=luls..::a 12=11l1sca 13=4 <.l14=lruca 15=11l1sea l6=truc
Selectioll crileria for subset generation A4='true' Hnd slno!=46
Class Namc: maJ1lrnnl, [(Product oCall conditional Probability)*P(CI<lss value)]: 0.114194138414824(.3
InslUllcc sl no 46 class name maml1K11
Instance 47 : a()=lnbster a I=!llise a2=!:llse a3=true a4=llllsc a5=lulsc a6=true a7=truc aB=false al)=false a IO=r<llsc
a 1I=Iulse ~ 12=lulsc a 13=6 n 14""lulse a 15""ralsc a 16=false
Scicction criteria for sllhset generation i\4='lltlsc' and slno!=47
Class Name: amphibian, [(Product of all conditional Probability)*P(CI<lss value)]: 1.225684151787965E-7
Class Namc. bird, [(Product oC all conditional Probability)*P(Class vahle)]: 2.2572157916309 J5uE.1 1
Class Name: fish, [(l'rnduct of ull cnnditionall'rohability)*P(Class \'uluc)]: 3.01945653030929471:-9
Class Name: insect, 1(J'roduct of all conditional Probability)*P(Class valLre)l: 3,898702051557985E-6
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Class Name: invertebrate, I(Product or ull conditionall'rob<lbility)*P(Class value)]: 9.4512740489015981::-4
Class Nallle: reptile, I(Product of all conditional Probability)*P(Class value)]: 1.789760861901642(lE-8
Instance sl no 47 cluss namc invCl1ebrate
Instance 48 : aO=lynx a I:::true a2=lblse a3=false a4=true a5=falsc a6=1alse a7=lruc a8=true a9=truc a I{)=truc
all =Ialse a 12=lalse a 13=4 a 14=true ul5=lalse a 16=true
Selection critcria for subsct generation A4='\rue' and slno!=48
Class Name: lllurmmll, [(Product ofull conditionul Prohability)*P(Class value)]: 0.1 [4194138414R24(lJ
Instance s[ nn 48 class namc mamilla I
[nstunce 4l) : aO=mink al =truc :l2=fa[sc a3=ralse a4=tllle a5=false a6=true a7=true a8=tnre a9=true a [O=tna:
a [ [=jillse a [2=lalse a 13=4 a 14=true a [5=false a16=true
Sdcl.:tion criteria for subset generation A4='tnre' and slno!=49
Cluss Name: mammal, I(Product of ull conditional Probability)*P(Class va[uc)]: 0.0 I84497332472930')
Instance sl no 49 class name mamma[
Instance 50 : aO=ll1o[e a I=true a2=talsc a3=fa[sc a4=true a5==falsc a6=falsc a7=true a8=true a()=tnrc a I()=true
u II =false a 12=lalse a I3=4 a 14=truc a 15=lblse a 16=lb[se
Selection eritcriu for subset generation A4='true' and slno!=50
Class Namc: mammal, [(Product or all conditional Probllbility)*P(Class value)]: 0.0326H83409398JM:
Instance sl no 50 class namc mammal
Instance 51 : a(J=mongoose a I=true a2=fulsc a3=false a4=true a5=lb[sc a6=fa[sc a7=true a8=true a()=true
a I(J=true all =la[se u 12=1:1Isea I3=4 a 14=truc a [5=falsc ul6=truc
Selection critcria for subset generation J\4='lruc' and slno!=51
Class Name: rnull1n1al, [(Product of all conditional Probability)*P(Class vahle)]: 0.11419413841482463
Instance sino 5 [ class namc mammal
lnstnllce 52 : uO=rnnth a I=tmc a2=la[se a3=tnre a4=lalse u5=tnrc a6=false u7=fa[se a8=fulsc u9=la[sc a IO=truc
a [ 1=ta[se a !2=j:llse a [3=6 a 14==lalsca 15=la[se a [6=lblse
Sckction criteria for subset generation A4='1:1Ise' and slno!=52
Class Namc: amphibran, [(Product of all conditional Prohability)*P(Class value)]: 2.9078620764l)770 IE_l)
Class Name: bird, j(Prnduct of all conditional Probability)*P(Class vallIC)]: 3.87055464817()2355E-IO
Class Name: fish, [(Pmduct oral! condilional Probability)*P(Class value)]: 3.0247536737444055E-[4
Class Name: insect, j(Prouuct of all conditional Probability)*P(Class valuc)]: 0.004744159425891 (18(1
C[uss Name: invertebrate, l(ProduCl of all conditional Probability)*P(Class va[ue)J: 1.0979224301 059369E-()
Class Name: reptile, j(Product of all conditional Probabi[ity)*P(Class value) I: 7.8830(12961247058E-I (J
Instance sl no 52 class name insect
Instance 53, aO=ncwt a[=falsc a2=falsc a3=truc a4=false a5=false a6=true a7=tnre a8=true a9=truc alO=truc
a II =false u I 2=lit[sc a 13=4 u 14=lruc a 15=lalse a [()=la[se
Selection cntcrra for subset generation A4='lblsc' :lnd s[no!=53
Class Name: ulllphibian, I(Product of all conditionul Probability)*P(C[ass v<llue)]: ().OOI [8 [4')33%7897443
('Inss Nnmc: bird, 1(I'roUllct of all conditional Probability)*P(Class value)]: 7.90500335371 0083E-7
Class Name: llsh, [(Product or all conditional Probability)*P(C[ass value)]: 3.3227276371843381:-5
(:lass N;lI1l!.: insed, I(Prodllct or ull conditiollUI Probability)*P(Class vuluc)j: 3.95285876766038971::-8
Class NUlllc: invertebrate, [(Product of a[[ conditional Probability)*P(Cluss valuc)]: 5.3785922189229525E-6
Class NUlllc: reptile, I(I}rotiuct orall eonditiona[ Probability)*P(Class v<llue)]: 8.0289[26479885')51:-4
Inst<lnce sl no 53 class name amphibian
Instance 54: a(J=octopus ul=false n2=ja[se a3=true a4==jb1sea5=lalse a6=true n7=tnrc n8=false a9=litlsc
a IO=lblsc a II =t:llsc a 12=fa[se a I3=8 a 14=false a 15=fa[se a 16=true
Se[ection criteria for subset gcneration A4='lb[se' nnd s!no!=54
('[ass Name: urnpl1ibian, j(Product or all conditional Probability)*P(Class value)]: 2.28751816522927541:-9
Class NUl11e:bini, [(I'roduct or all conditional Probabi1lty)*P(Class value)]: 1.137896849690482E-I 2
('lass NUl1le:fish, [(Product of all conditional Probability)*P(Class value)]: 1.61117245688440621:-10
('1;.Jss Name: rnscct, [(Product or all conditionall'robahility)*P(Class value)]: 8.988771 7269H()73E-I ()
Class Name: rnvertebrate, [(Product ofal! conditional Probability)*P(Class value)]: 7.703()2(,549673%E-5
Class Name: reptile, I(Product of allwnditinnal Probabilily)*P(Class value)]: 7.224295145696731 E- [(J
Instance sl no 54 c[uss name invCl1cbratc
Instance 55 : aO=opossulll a I=true a2=j~dsc a3=false a4=true a5=lalsc a6=lalse a7=lruc a8=truc a9=truc a I()=lruc
a I 1=jalse u 12=lalse a 13=4 a [4=lrue u 15=la[sc a 16=lalsc
Selection crrteriu for subset generatillll J\4='true' and slno!=55
Class NUlllc: mal11ma[, j(Product ora[[ conditional Probnbility)*P(Class value)]: O'{1J268834093983M~
Instance sino 55 class name mammal
Instance 56 . aO=Ol)'x n l=truc a2=false a3=lalse a4=true <l5=litlse a6=!blsc u7=fulse a8=lrue a9=tnre a IO=lrlle
a II =Ialse a 12=E.l!sc a 13=4 a 14=truc a 15=lalsc a 16=tl'ue
Sc[ection criteria for subsd gcneration A4='lruc' nnd SllI0!=56
('lass Name: l11ummal, f(Product or ul1cnnditioll<ll Probability)*P(Class VUlllC)]:0,097555897433 [ 17 [J
Instance sl no 56 class name mamlllal
lnstunce 57 : aO=ostrich u 1=la[se u2=lrue a3=truc a4=falsc a5=nllse a6=la[sc a7=fu[sc a8=lb[sc al)=truc ul ()=lrllC
a I I=1:I[SCa! 2=la[se u []=2 a [4=lruc a 15=fa[se a 16=true
Selection critcria for subset generation A4='jblsc' and slno!=57
Class N;lI1l(~.amphibian, I(Product of all conditional Probability)*P(Class value)]: 8.26375826l7437()()E-H
Class Name: bird, I(Product of all conditional Probability)*I'(Class value)]: OJj03927189448360 1365
Class Namc. l1sh, !(I'roduct ofa[1 conditionnl Prohability)*P(Class value)]: 7.2368067300551581::-[0
Class Numc: insect, [(Product ol"all conditional Probability)*P{Class valuc)]: 3.773714380877973E~8
('lass Narne: inverlebrate, I(Product of all conditional I'robability)*P(('[ass value)]: 2.16834550372531 %[-1-)

95



Appendix

Clnss N,llllC: rcptilc, [(Product of <111condition<ll Probabi1ity)>loI'(Class valllc)]: 1,2490547954341595E-6
Instance sl no 57 class namc hiI'd
Instnllce 58 . aO""parakeet a l=falsc a2""true a3""tme n4=false a5=true a6=lblse a7=lalse a8=lalse a9=true a 1O=truc
<111=Illisc a 12=lalse a 13=2 a 14=lrue a 15=true a 16=false
Selection crileria tor subset gcncriltion A4='falsc' and slno!=58
Class Name: amphibian, [(Product of all conditional Prllbability)*P(Class value)]: 1.714222603521923E~()
Class Name: binI, [(Product ofull conditional Probabi1i!y)*P(Class value)]: 0.004086809464998421
Class Name: I1sh, [(Product (If all conditional Probability)*P(Class value)]: 4.308413571848901 E-12
Class Name: insect, [(Product of all conditional Probabi1ity)"'P(Class value)]: 1.0419947264196475E-7
Cluss Nume: invertebrate, [(Product oral! conditional Probability)*P(Class value)]: 9.63040495547(01)61::-11
CI:lss Name: reptile, [(Product of <IIIconditional Probability)*P(Class value)): X.63773923475413xE-9
Instance sl no 58 class nalllc bird
Inst:Jncc 59 : aO=pcnguin a 1=Illise a2=true a3=true a4=false a5=lalse a6=true a7=lrue a8=false al)=lrue a 10=lnIL'
:JI I=lllise a 12=llllse a 13=2 a 14=lrue a 15=false a 16=true
Selection criteria lor subset generation A4='ralse' and slno!=59
Cbss Nnme: amphibian, [(Prodllct of all conditional Probability)*P(Class value)]: 6.6174626 70537004E-7
Class Name: bird, [(Product of all conditional Probability)*P(Class value)]: 0.0013111156381717048
Class Name: fish, [(Product of nil cOIH.lition:l1Probabilily)*P(Class value)]: 1.6030944980 I 12264E-8
Class Name: insect, j(Producl orall conditional Probability)*P(Class valuc)]: 7.585988288621648E-IO
Class Namc: invertebrate, l(Product of all conditional Probability)*P(Class value)]: 8.693972627455064[-8
Class Name: reptile, [(Product ofull conditional Probabi1ity)*P(Class value)]: 1.090959973043013E-(1
Instance sino 5f) class naille bird
Instance 60 : aO""pheasant a 1=Illlse a2=true a3=true a4=false a5=true a6=false a7=fblse a8=fblse a()""trll~ a IO""tniC
u II =false a 12""lalse a 13""2 a 14""tme a 15""1'alsea 16""lalse
Selection criteria tor subset generation A4='false' and slno!""60
Class Name: amphibian, [(Product ofal! conditional Probability)*P(Class value)]: 4.0998490600R9932E-X
Cl:lsS Name: hiI'd, [(Product of:lll condition:ll Probabi1ity)*P(Class value)]: 0,03236h07138797856
Class NUllle: fish, I(Product of all conditional Probabi1ity)*P(Class value)]: 4.774000 199774508E-Il
Class Nume: insect, [(Product of all conditional Probability)*P(Class "nlL1e)]:7 .344382184602997E-7
Class Name: invertebrate, [(Product of all conditional Probabi1ity)*P(Class value)]: 4.71 0873090717455E-()
Class Name: reptile, [(Product of all condilional Prob:lbility)*P(Class value)]: 2.425765101760 1206E-7
lnstanec 51no (1(J class n<lmc bird
Instance 61 : :lO=pike til =false a2=ralsc a3=lruc a4=false a5=false a6=true a7=truc a8=trlle al)=true a 10=tlllsc
a 1I=Illisc n12=trlle a 13=0 n14=truc a 15=false a 16=truc
Selcction criteria for subsct gcncration A4='tblse' and slno!=61
Class Name: amphibian, j(Producl ofull conditional Probability)*P(Class value)]: 2.229530 119746338E~7
('lass N<lllle: bird, [(1'rouuct orall eOlHlitional Probability)*I'(Class value)): 5.83976561796370 IE-l 1
ChJss NunlC: fish, [(Proulict of all conditiOllal Probability)>loP(Clnss value)']: 0.0 139917936141 886(,
nass Name: insecl, W'rodllct of all conditional Prnhability)*P(Class value)): 3.065513277223764()E-12
Class N:Jmc' invertchratc, [(I'rodllet Mall conditional Probabilily)*P(Class value)]: 1.1185423770()543H7E-7
('las:, N:lI11C'reptile, [(I'rndl.lct of all condiuonul Probability)*P(Class value)]: 4.4144558921 04819E-()
Instance sl nn hI c1nss name fish
Instance ()2 : aO=piranha a I=jalsc a2=lalse a3""trllc a4=lalse u5=lalse a6=truc a7=true a8=true n9""truc a 1O""llllsc
all =tllise a 12=true a13=0 a 14=tnlC a 15=lalse a 16=lalse
Selection criteria for subset gcneration A4='false' and slno!=62
Class Name: amphibian: [(Product of:lll condilion:ll Probahi1ity)*P(Class value)): 1.3273481643140987[:-6
Class Name: hinl, [(Product orall conditional Probabi1ity)*P(Class value)]: 1.28713201375526471:-10
('Iuss Name: fish, [(Product of all conditional Probability)*P{Class value)]: 0.033058331 0262695H
Class Name: insect, [(Pmduct oral! conditionall'rohabi1ity)*P(Clu5S value)]: 3.2508698939861324E-l1
Class Name: invertebratc, [(product of all conditional Prob:lbilily)*P(Class value)]: 6,08583271822701 1::-7
Class Nallle: reptile, [(I'rodliCt of all conditional Prohability)*P(Class value)'): 1.2151620520202515E-5
Installce sl no ()2 class nallle I1sh
lnst:JI1cc (,3 : aO=pitviper a I=false a2""1"alsca3""true a4=false a5""I~lse a(l=l~\se a7=truc a8=truc a9=truc a I()=trlle
:111=true a 12=falsc a 13=0 a14=truc a 15=ralse a 16=1~lse
SelectiDn criteria for subset generntioll A4='falsc' and 5Ino!=63
('lass Name: amphibian, [(l'rnduc\ or all conditional Probnbility)*P(Class va'lue)]: 2.10086001531761921;-5
Class Name: billl, [(I'roduct or all ctlJ1ditifHlulProbability)*P(Class valuc)]: 6.871427497086249E-9
('lass Namc: fish, [(Pmuuct or ull conditional Probability)*P(Class value)]: 4.644302043670%4[-0
Class Namc: insect, ((I'roduct of nll conditional Prohability)*P(Clas5 value)]: 8.5051 (}l)341520895E-8
Class Namc: invertebrale, l(Product of all conditional Probability)*I'(Class value)]: 2.35223190230722(lE-(1
Class Namc: rcptile, «Product ot':l1l conditionall'rohability)*P(Class valuc)]: 3.702073630540R7l)E-4
Instance sIno ()J class namc n:ptilc
Instance ()4 : aO=pl:ltypus al""tru~ a2""f::11sca3""lrue a4"=truc a5""tblsc :l6=truc a7=true a8""false a9=lruc aIO=tnu.:
a I 1""Illisc a 12=1"alsca 13=4 a 14=trllc a 15=llllse a I(l=trt\e
Selection criteria for subset generation A4",,'truc' and slno!=64
C1:lss Nan1C:mammal, [(Product of all conditional Probability)*P(Class vallie)]: }.()4283446167g9723E-5
Inst:lIlce sino (14class namc maml11al
Instancc (l5 : :lO=polecat :11=true a2=llllse a3""I'alse a4=lrue a5=false a()=illise a7=true a8=tn.le a9=trul: a I()=truc
a I I=tllise u 12=liJlsc :JI3=~ a 14=truc a 15=falsc a I (l""truc
Selectiun criteria for subset gcneration A4='tnlc' and slno!=65
('lass Name: n~alllll1al, [(Product of all conditional Prohabi1ity)*P(Class value)]: 0.114194138414824(>3

96



Appendix

Inst<lnce sll10 ()S class name nlllllllllal
Inst:lIlce 6(1 : aO=pony a I=truc a2=false a3=false a4=true a5=falsc a6=false a7=false a8=true a9=trlle al O=trllc
a II =false a 12=false a 13=4 a 14=Lrllc <l15=true a 16=truc
Se1ccLiun criteria for subset generation A4='true' and slno!=66
Class Name: mammal, {(Product of all conditional Probabi1ity)*I'(Class value)]: 0.020933749182447184
InslUlH.:esino 6il class nalTIcmamlllal
Inslilncc 67 : <lO=porpoise a I=f<llse a2=falsc a3=falsc a4=lrue a5=false a6=true a7=true a8=lrue a9=true a I{)=truc
a II =j"<llsca 12=true a 13=0 a 14=true u 15=false a 16=truc
Se1cction criteria for subset generation A4='truc' and slno!=67
Class Nalllc: mammal, [(Product of all conditional Probability)*P(Class v<llue)l 7. I 13254948545375E-6
Instance sIno ()7 class llame Illallllll<ll
lnst<lncc ()8 : aQ=puma a l=trlle u2=flllsc a3=false 114=true u5=false u6=false a7=true a8=truc a9=true a I(J=trl1c
<Ill =I"<llsca 12=["<Ilsea 13=4 a 14=truc a 15=false a 16=true
Selcction critcri<l for subsct gcnerutioll A4='truc' and slno!=68
Cl<1ssNmne: mammal" {(Product of all conditional Probabi1ity)*P(Cl11SS vallIe)]: 0.114194138414824(13
Instance sIno ()8 Cl;lSSname llla1111l1'li
Instance 6() : aO=pussYCllt a 1=true a2=flllsc a3=false a4=true a5=lblse a6=lblse a7=trllc 'l8=trllc 'l\)=true a IO=truc
a II =l"<llsca 12=false a 13=4 a 14=true <l15=trllc a 16=truc
Selection criteria for subset generation A4='true' and slno!=69
Class Nllll1e: ll1<lmlllal,(Product Ofllll conditional Prohability)*P(Class value)]: 0.024504017845978l)7
Instance s[ no 69 class namc 1l1:lI11111al
Instance 70 aO=raecoon a I=true a2=falsc a3=false a4=lruc a5=lblsc :l()=false n7=truc a8=lruc a9=truc.n I(j=true
:II 1=1"<11st:a 12=false a 13=4 41 14=true a 15=false a 16=true
S(;lectlon critcria for subset gcneration A4='true' and s[n01=70
( 'Ioss Nome: l11al11lml,[(Product of all conditiono[ I'robability)*P(Class valuc)]: 0.11419413841482463
Instance sino 70 class namc mammal
Instance 71 : aO=n,::indeer a 1=true a2=false a3=false a4=truc a5=false 116=l"alse117=!"<I)sea8=tme a9=truc a I()=true
all =J:llse a [2=false a 13=4 a [4=tnll:: a 15=true a 16=true
Sdection criteria for subset gencration A4='true' and slno!=71
Class Namc: 1l101111ll01,l"(l'rodllct of all conditional Probability)*P(Class value)]: 0.0209337491824471 g4
lnslam::c sIno 7) class namc mammal
Instance 72 : <lO=rheaa I=jblse 112=tl"llca3=true n4=false a5=false 'l6=jblse a7=true a8=false a9=truc a 1O=truc
all =Edse a 12=false .113=2 a 14=truc a l5=false a 16=true
Selection criteria for subsct gencration A4='lblse' and slno!=72
('[ass Name: alllphibi'ln. I(ProducL of all conditional Probability)*P(C1ass v:Jluc)]: 1.802202599635W%E-7
Class Name: bird, j(Prodllct of:l11 conditional Probability)*P(Class v'llue)J: 0.0032846897040512174
Class Name: !ish, [(Product of all conditional Probability)*P(CI:lss value)]: 1.497781720769613E-9
Class Name: insect, !(I'roduct of all conditional Probability)*P(Class value)]: I.0056853045486986E~g
Class Name: invcrtcbrll!C, 1 (Product of all conditional Probability)*P(Class value)]: 6,85 I3694735765291>8
CI:ISSName: rcptile, f(l'roduct of all conditional Probllbility)*P(Class value)]: 3.3883933280394755E-()
[nstancc sino 72 class namc bini ~
Instance 73. aO=scorpioll al=l"<Ilsc a2=false a3=false a4=false a5=false a6=jblse a7=true a8=j"<llsea9=j":1lse
a I()=lrue a I I=truc a 12=folse a 13=8 nl4=true a 15=falsc nl6=1blse
Sc1cction criteria for subset generation A4='false' and s[no!=73
('las" Nalllc' amphibian, [(Product or all conditional Prohabi[ity)*P(Class value)']: 1.372238681 9797252E-')
Cbss Naille' bird, [(Product of all conditional Prob'lbility)*I'(Class vallie)): 3.2931266569776956E-12
Class Nallle: fish, [(Product of all conditional Probability) .•..P(Class valllc)]: 5.1 05589351587615E-13
Class N:lll1C' insect, [(Product of all t:onditional Probability)*P(Class value)]: ] .28768925448g2556E-8
('lass Nnmc: invertebrate. I(l'rodllct of a[1conditional Probability)*P(Class value)]: 6.89754021 ()I 7 [M3E-7
Class Name: reptilc, [(Product of all conditional Probabi1ity)*P(Class valuc)]: 4.9755232658313476E-H
Instancc sino 7J <:lass IWIllCinvcrtcbrate
Instant:c 74' a(j=se'lhorse a I=1"<1Isc a2=false a3=truc a4=lblse a5=lblse ;J()=true a7=false a8=true al)=trllc
a I()=1"<1Ise a [ I=false a [2=true a 13=() a 14=lruc a I5=fblsc a [(l=false
Selct:tion criteria for subset generation A4='false' and slno!""74
Class Name: amphibioll, [(Product of:l11 conditional Prohability)*I'(Class valuc)]: 6.08637694R5()2207E-7
("i:lss Nalllc: binl, I(l'rotluct of all t:unditionall'robahilily)*P(Class valuc)"[: 1.5139731013279751:-1 ()
Class Namc: fish, [(['mdllet of'll! wndltiollall'robabiliLy)*P(Class value)l: 0.0140\)5200481530328
('I<lsS Name: inset:!, j(l'roduct of all wnditional Prob'lbility)*P(Class vnluc)]: 1.219850226886225E-IO
('lass Name: invertebmte, I(Produclof all conditionall'robability)*P(Cl:Jss valuc)]: 1.9260657393949222[-7
Class Name: replile, I(Product of all condition'll Prob<lbi1ity)"'P(Class value)"[:4.479420897643281 /:-6
Instance sl no 74 C1:lSSname fish
Instance 75 : aO=seal a 1=Lrue :l2=I"<Ilsea3=falsc a4=true 115=false a6=truc a7,;"truc a8=true a9=truc a 1O=truc
a II =lalsc a 12=lruc a 13=0 a 14=j"<llse'I [5=falsc a I6=true
Sclection cnteria 1'01'subsct generation A4='true' and slno!=75
Cl<lsSNamc: lll:ll1l11ml,l(Product of 011condition:ll Prohllbi1ity)*P(Class valuc)]: 2.0013032511514483 E-)
[nst<lncc sllHl 75 class name mammal
Instancc 76 : aO=scalion a I=true a2=lalsc a3=I"<llsea4=trllc a5=falsc 116=truc 'l7=truc a8=true a9=true a I()=true
a I I=j"<llsca 12=trllC a IJ=2 a 14=truc a 15=f:llse a 16=trlle
Sdection criteria for subset gcneration A4='truc' and slno!=76
('lass Name: mal11l11.l1,[(Product of all conditional Probability)*P(C1as$ value)]: 3.4497815243484(17[-4
Instance sino 7() class name mallll1lal
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lnstllnce 77 : ll()=SCllsnake lll=fal.'>e a2=false a3=falsc a4=falsc 115=false a6=true a7=true a8=truc a9=true
a IO=false all =true a 12=lalsc a13=0 a l4=true a 15=lalse a 16=false
Selection critcri::l for subset gencration A4='false' and 5Ino!=77
Class N::lme: amphihian, [(Prodllct oral! conditional Probability)"'P{Class value)]: 8.787694426898939E-7
Class Name: bird, [(Product of <111conditional Probabi1ity)*P(Class value)]: 2.164238691425185E-12
Class Name: !ish, [(Product of all conditional Probability)*P(Class value)]: 2.4413461698092753E-5
Class Name: insect, [(Product of a]] conditional Probability)"'P(Class value)]: 2.3979649229942005E-II
Class N,lll1e: invcrtehrate, [(Product 01'::111condilionall'robability)"'I'(Class value)): 8.63902911705M73E-7
Class Name: reptile, [(Product of all conditional Probability)"'P(Class value)): 1.04235 I8901583009E-6
Instance sl no 77 class name fish
Instance 78 : aO=seawasp a I=false a2=false a3=lrue a4=false a5=false a6=trllC a7=truc a8=false a9=false
<11O=falsc a 11=trut: a 12=f<llse a 13=0 a 14=false a 15=false a 16=falsc
Selection criteriu for subset generation A4='false' and slno!=78
Class Name: ul11rhihian, [(Product ofull conditionall'robability)*P(Class value)]: 7.0%969358779194E-8
Class Name: bird, [(Product or all conditional Probabi1ity)*P(Class value)): 3.5369478216438856f:-13
Class Namc: fish, [(Product of all conditional Probability)*P(CI<lss valuc)]: 1.8570530336699935E-8
Class Name: insect, [(Product of a]] conditional Probability)*P(Class valuc)]: 5.7242307203779086E-R
Class N,lllle: Invcrtebrute, I(Product of all conditional" Probability)*P(Class value)]: 3.553 I9774428373M::.4
Class Name: reptilc, I(Product or all conditional Probability)"'P(Class value)): J .51233971 08557308E-7
Instancc sl no 78 class nalllC invcrlebratc
Instancc 79 : aO=skimmer ul =falsc a2=truc a3=true :.I4=false a5=true a6=true a7=true u8=false a9=true a 1()=true
u II =false a 12=lalse '113=2 1114=truc a 15=false ::l16=f<llse
Selcction criICria for subset gencration A4='lalse' :lnd slno!=79
Class Nalllc: :llllphibi:ln, [(Product of all conditional Prob<lbility)*P(Class value)]: 3.283082255150141 E-7
Class Namc: bird, I(Product of all conditional Probabillty)*P(CI:lss value)]: 0.010805606121365028
Cbss Name: fish, [(Product of all cOlldiuonal Probability)*P{Class value)]: 1.057534502 1535589E-9
Cl<lsSNamc: insect, [(Product of <lllconditional Probability)*I'(Class valuc)]: 1.47(13808708436907E-X
Cbss Name: invertchmtc, [(Product of a]] conditional Prohabi1ity)*P(Class value)]: 1.8888226821670034E-R
Cbss N<llllc' rcptilc, [(Product of all condition<ll Probabi1ity)"'P(Cbss value)]: 2.1187322123086154[-7
Instancc sl no 71) class n<ll11Cbird
Instancc 80 : aO=skua ul =falsc a2=trllc a3=true a4=falsc a5=truc a6=truc a7=truc a8=falsc a9=tt'uc a 1{)=truL'
a II =lalsc a 12=lalse :.113=2a 14=truc a 15=false a 16=lalse
Sclection Criteria for subset generation A4='false' and slno!=80
elllSS Namc: amphibian, [(Product of all conditional Probahi1ity)*P(Class value) I: 3.283082255150141 E-7
('iass N;llllC: bird, [(Product of all conditional Probahilily)"'P{Class value)): 0.0 I080560612136502X
Class N<ll11c:fish, ['(Product of all conditiunal Probability)*P(Class value)]: 1.0575345921535589[-9
Class Name: inscct, I(Produtt or all conditional Probability)*P(Cluss value)): J .4763808708436907E-H
('lass Name: invertebrate, [(Product or:lll conditional Prohability)*P(Class value)}: 1.888822682]() 700341:-1'<
Class Nallle: reptile, [(Product of all conditional Prob<lbility)*P(Class value)): 2.1187322 123086154E-7
lnst<lnce sl no SOd;Jss name hiI'd
instancc 81 : aO=slowworm a 1=lalse a2=false a3=truc a4=falsc a5=false a6=fa1se a7=true a8=truc a9=lrllc
a I(J=true all =false a 12=false a IJ=() a 14=true a 15=f:llse a 16=falsc
Selection critcria for subset generation A4='lalsc' and slno!=81
Cbss Name: all1phibiun, [(Prouuet of all conditional Probability)*P(Class v<lluc)]: H.9194407667X70R4E-5
elllSS N<ll1le:hiI'd. [(I'roduct 01':111conditional Probability)"'P(Class valuc)): 1.071 C)426895454547E-6
Class Nallll.~.fish, [(Product of all conditional Probability)*P(Class value)]: 5.638345638982996E-5
Cbss Name' insect, I(Product of all tonditiollal Prohability)"'P(Class value)J: 3.1 158905251 179346E-7
Class Name: invcrtcbrate. [(Product of all conditional Probability)*I'(Cluss value)'[: 1.081587005546874E-5
(,I<lss Namc: replile, [(1'rnduct of all conditional Probabi1ity)*P(Class value)]: 0.001247014275550612
Instance sIno 81 class IHlmc reptile
Instance 82: aO=slllg al=falsc a2=false a3=true a4=lalse a5=falsc a6=lalse ,17=false a8=false a9=falsc alO=truc
all=talse aI2=j~llse a13=0 ul4=lalse a15=lalsc al6=false
Scledion crikria for subsct gcncration A4='false' and slno!=82
{'lass Name: ulnphibian, [(Prudllct of all conditional Probability)*P(Class valuc) [: 5.21 C)38I6446088RI)E-7
Class Namc: bini, [(Product of ail eondition<ll Probability)*P(Cluss value)): 7.985246346666202E-1)
Class N,IIllC: fISh, l(l'roduct nf all conditional Probability)*P(Class valuc}l: 1.2000398957R 11602 [-C)
Class Name: insect, ['(Product 01''111conditional Probahility)*P(Class valuc)J: 2.4CJX514050877982f:-4
Class Namc: invcrtcbr<lte, [(Product nfall cOllditionall'robabi1ity)*P(Class value)]: 2.68603450774224551:-4
Class Name: reptile, [(Produci of all conditional Probability)+P(Class value)): 1.5W845015567()89E-()
Instance sino R2 class namc invertebrale
Instunce K3 : aO=so1e a 1=false a2=fa1sc a3=true a4=falsc a5=falsc a6=lruc a7=falsc <l8=lruc a0=truc a IO=falsc
:II I=lalse a 12=truc a 13=0 a 14=truc a 15=falsc a 16=falsc
Selection critel'la for subset gencration A4='false' and slno!=83
Class Nomc: amphibian, [(Product of all conditional Probability)*P(Class value)]: 6.0863769485622071-;-7
Class N,llllC' bird. ['(I'roduct of all condition<ll I'robability)*P(Class value)]: 1.513973101327975[-10
Class Nalllc: fish, [(Produci Mall conditional Probability)"'P(Class value)]: 0.014095200481530328
('I<lss Namc: inscct, [(Product of all conditional Probability)*P(Class value)]: 1.219850226886225E-1 ()
Class Name: invertchrate, [(Product orall conditional Probabi1ity)"'I'(ClllSS value)]: 1.9260(573931)49222E-7
Class Namc: reptile, I(Product of all conditionall'robability)*P(Class valuc)'j: 4.479420897643281 [-(I

Instancc sl nn x3 class name 11sh
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InS\;)IlCC !)4 : a(j==spatT()w a 1==t'<llsca2=lruc <l3=truc a4=falsc a5=lruc a6"'t1Jlsc u7=falsc u8=falsc al)=truc a [O""truc
a 11=fulse a 12=I"Ulsc a 13=2 a 14=truc a lS""f::l!se a 16==false
Se1cction criteria for Sllbsct generation A4='falsc' and 51n01=84
CI<lsSName: Ull1phibiull, [(Product ofall conditional Probability)*P{Cluss valllc)]: 4.0l)984()0600~()932E-R
Class Name: bird, [(Product ofa1l conditional Probubi1ily)*I'(Class value)): 0.03236607138797856
Class Name: fish, [(l'roduci of nil condiliOIl<l] I'robability)"I'(Class vallie)]: 4.774000 199774508E~ 11
Class Name: insect, [(Product of nil conditional ProhabiJity)*P(Class value)]: 7.344J82184602907E-7
Class Name: invertehrate, [(Product of all condition<l! Probability)*P(Class value)]: 4.71 087309071 7455E-tJ
Class Namc: reptile, [(Product of all conditional Probability)*P(c:lass value)]: 2.425765101760 120(lE-7
Instance SllHl g4 class nallle binI
Instance 85 . aO=sqllinei :.11=truc a2=false a3=false a4=true a5=false a6=falsc a7=J:1Ise a8=truc a()=tnll: a I(}=truc
:.111=t:llsc a 12=lhlsc a 13=2 a 14=true a 15=falsc a 16=lhlsc
Selection criteria for subset generation A4='truc' and slno!=85
Clas'; Name: mammal, [(Product 01"<:111conditional Probabi1ity)*P(Class valuc)]: 0.0051)2306267082501
Ins lance sino g5 class namc mummal
Instance 86 : aO=starlish a 1=falsc a2=false a3=trlle a4=false a5=1~llsc a6=truc a7=truc <:I8=falsea9=1:1Ise
a IO=tillse a II =!hlsc a 12=falsc a 13=5 a 14=lhlsc a 15=false al6=false
Selcction criteria for subset generation A4='false' and slno!=86
Class Name: amphibian, [(Product ofall conditional Probahility)*P(Class value)]: 4,08561 38392932 I7J:Al
Class Name: bird, [(Product of all conditional Probability)*P(Class v:Jlue)]: 2.7588 I93008822303E-9
Class Name: tlsh, [(Product of all conditional Probability)*P(Class valuc)]: 2.5162137752577457E-7
Class Name: insect, [(Product or all conditional Probabi1ity)*P(Class value)]: 4.766139427332490E-6
Class Namc: invcrtcbratc, [(Product of all conditional Probability)*P(Class valuc)]: ().0088I 050970(J()031 H7
Class Namc: reptile, [(Product of all conditional Probabi1ity)*P(Class valuef[: 6.%0181129617499[-7
Instance sino ~() class namc invertehrate
Instunce 87 . u()=sLingray a I=ralse a2=false a3=true a4=lhlse a5=lhlsc a(l=tnlc a7=trllc a8=truc a9=true a IO=faISt::
,II I=trllc ,112=truc a 13=0 a 14=trllC a 15=falsc a 1()=true
Selection crilcrla for subset gencration A4='falsc' and slno!=lO
Cbss Namc: amphibian, [(Product orall conditional Probability)*P(Class value)]" 5.2513725960%745E-X
Class N:.1mc llll"d, [(ProduCI ofa!l conditionall'rohability)*P(Class valuc)]: 3.74J43949869468E-IJ
Class Name: fish, I(Prnducl of all conditional Probahility)*P(Class valuc)[: I ,5255849735096671~-4
Class Name: insect, [(Product of all conditional Prob<lbility)*P(Class valuc)]: 8.367600016911806E-13
Class Namc: invcrtchrate, r(Prodllct nfall conditional Probability)*P(Class value)]: 2.4326023241057305E-X
Class Name: reptile, l(I'roduct of all condilionall'rohability)*[,(Class value)]: 1.951846200228164E-()
Instance sl no X7class IHllllCfish
Installce 88 : aO=swal1 a I=falsc a2=trlle a3=trllc a4=false a5=truc a(,=lrue a7=falsc a8=false a9=true a IO=truc
a I I=false a 12=false a 13=2 a 14=true a 15=lhlsc a 16=true
Selection criteria for subsct generation A4='false' and slno!=88
("lass Namc: al11phibian.[(Prnduct of ali conditional Prohability)*I'{Class valuc)]: 2.52862J9472783()7E-8
Class Name bird, I(l'roduct oj"all conditional Prohahility)*P(Class valuc)]: 0.005J(11663514916461
Class Name: (Ish, I(I'rodlll.;t of all conditional Probabilily)*P(Class valuc)]: 2.4538543825761675E-] 0
Class Name: inscct, ['(Product orall conditional Probability)*P(Class valuc)]: 5.22406()48910480541:-()
('lass Nal1lc: invendmlle, [(Product of all conditional Probability)*P(Class v;llue)): 1.098()8884852454()9E-(j
('lass Namc: rcptlle, [(Product nfal1 conditional i'robabi1ity)*P(Class value)[: 2.837309580461078[;-8
Instance sl110 88 class name bird
Instancc Xl) . aO=terlllitc. a I=falsc a2=lhlsc a3=tl"llc a4=false a5=jhlse a(Ffalsc a7=false a8=false al)=ralsc
a I()=lrue a II =!ilse a 12=falsc a I J=() a 14=li1.sc a I5=lilse a 16=lilsc
Scketinn critcria for slibset gencration A4='lhlsc' and slno!=89
Class Name: amphibian, W'roduct orall condilional Probability)*P(Class value)]: 2.1352015818854542E-7
('lass Namc: bird, [(Product or all cOll{iilional Prnbahility)*I'(Class valuc)]: J.2666()]()87272537E-0
Class Namc: fish. [(Product of all conditional Prob::lbility)*P(Class value)]: I .M)71%2889026251..:-11
Class Namc: insccl, !(Product of all conditional Probability)*P(Class valuc)]: 0.0023W675483556(l81
(.Iass N.lIll!.::invcnehrate, [(Product \)1' all c()ll(litionall'robability)*P(Class value)]: 3.()4646634674()S7412-4
('I;lss Name: reptile, [(Product 01"all cOllditioll,d Probabilily)*I'(C1:1ss vallie)]: 8.1(17212290761162E-X
lnstanee sl no Xl)class namc insect
Instancc l)O: aO=lnad al=false a2=falsc a3=truc a4=lilsc a5=lilsc a()=true a7=lilse a8=truc a9=lrllc al(J=lrllc
a I I=hllsc a 12=lhlse a 13=4 a 14=falsc ,1 I5=ti.l1sea 16=!~llsc
Sckc\iUl1 enleria ror suhsct gencration 1\4='I"alsc' and 51n01=90
Class Namc: <ll11phibi<ln,[(I'rodllCI of all conditionnl Prnbability)*P{Class value)]: 5.66539990701 2722E-4
Class Namc: bird, [(Product of nil conditional Prohabi1ity)*P(Class value)]: 2.1 M3767133(116308E-8
("lass Name: fish, l(ProdllCI or all conditional Probahility)*P(Class valuc)]: 5.543(135082004395E-7
Class Name: IllSccl, !(l'rodllct of all conditional ProbabiJity)*P(Class value)]:8.518741321039025E-7
Class Name: IIlvcrlcbrate, I{Prodlict ofal1 conditional Probability)*P(Class value)]: 6.5206612508743344E-()
Class Name: reptile, l(Product of ::IIIcnnditinnnl Prohability)*P(Class value)j: 2.28370 I85460823E-5
Instancc sino ()Oclass namc amphibwn
Instancc 91 : aO=tortoisc al=lhbc a2=false a3=truc a4=11I1sea5=11I1sca6=lhlse a7=llllse a8=11l1seal)=tnlc
a 1()=lrue a 1I= r,lIsc a 12=t:dse a I3=4 a 14=truc n 15=lhlse :.l16=truc
Sclccti(ln criteria ror subset generation A4='falsc' and slno!=91
Class Namc: amphibian, [(Product orall conditional Probability)*P(Class value)]: 1.11 0087040(1)()51 RKE-5
Class Name: bird, 1 (Producl of all condilional Probabi1ity)*P{Class valuc)): 1.(j()60280098148512E-5
Class Name: Ilsl1, [(Producl of all condilional Probability)*I'(Class valuc)']: J.956804651 392507E-8
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Class Name: insect, j(Produc\ of all conditional Prohability)*l'(Class value)]: J .356 7037()]61119E-(1
Class Name: invertehrate, [(Product oCall conditional Probability)*P(Class vall1c)l2.214872755424M~85E-(1
Class Name: reptile, I(Product of all conditiol1<11I'rohability)*I'(Class value)]: 7.399()542245391 14E-6
lnsl<lllcc sIno 91 cbss Ilumc bird
lnst::lllce 92 : aO=luatara a I=false a2=fulse a3=true a4=fnlse a5=false a6=1'al5e a7=true aR::::tl"llCa9=iruc a I()=lrlB':
a I 1=false a 12=ralsc a IJ=4 a 14=lruc a 15=falsc a 16=fnlse
Selection criteria for subset generation A4='false' and slno!=92
Cl<lsSName: amphibian, {(Product orall conditional Probahilily)*P(Class value)]: 9.6086702805842661:-4
C1;]ss Name: bird, I(Product of all cOlHlitional Probahility)*P(Class value)']: I.R02812705144627()EA)
ChlSS N<lll1e:fish, [(Product of all conditional Probability)*P(Class value)]: J.l 044462595590897E-(l
Cbss N:.llllc: insecl, I(J'roduct of:.lll conditiolwl Probability)*P(CI:.lss value)']: 5.240361337698344E-7
Class Namc: invcrLebrate, I(Product of all conditional Probability)*I'(Class value)l: 4.2J86517784945()()]~-()
Cbs.'> Namc: reptile, I(Product orall conditional Probability)*P(CI:.lss value)j: 8.892642784664JlNI;-4
Instante .'IIno 92 class name amphibian
Inst:Jllce ')3 : :IO==tunaa I==falsca2=falsc <l3=truc a4=f<llse :.l5=falsc a6=trllc a7=true a8=true a9=trllc a IO=false
a II =l:llse a 12=true a 13=0 a 14=true a 15=f••lse a 16=true
Selection criteria for subset gener<ltion A4='false' and slno!=93
Class Name: amphibian, [(Product of all conditional Probability)*P(Class value)]: 2.2295301 1974(133HE-7
Class Nallle: bird, [(Product of all conditional Prohability)*P(Class value)l: 5.839765(11 7%3701 E-II
Class Name: fiSh, [(Product of all conditional Probability)*P(Class valuc)]: 0.01 399179361418866
("lass Name: inst:ct, I(Product of all conditional Probability)*P(Class valuc)1: 3.0655132772237646E-12
Cla:>s Name: invcr\cbmlt:, I{Prouuct 01"all conditional Probability)*P(Class value)]: 1.1 I854237706543.87E-7
Class Namc: n:ptilc, l(Product of all conditional Probability)*P(Class valuc)l: 4.414455892104819E-()
Instantc sl no 93 class name fish .
Instance 1)4 : <lO=vulllpire a I=truc <l2=fulse a3=falsc a4=truc :.l5=truc a6===falsca7=I"alst: a8=true :.l')=trlll.':a 1(j=truc
a 1I=Iillse :.l12=tillse :.l13=2 a 14=truc a 15=lillsc a 16=lillsc
Scil:ctlon criteria for suhset gcncr:.ltion A4==='true'and slno!=94
Class Namc: man1l11<l1,[(Product of all conditional Probability)*P(Class valuc)]: 2.1881759866914253E-4
Installcc sl no 94 c1<lsSn<lIl1Cmammal
Instanct: 95 : a(j=vo!C a I=true a2=lalsc a3=lillse a4=truc a5=lillsc a()=!'alse a7===!illsc:.l8=tnlc a9=true 01O=truc
all =false a 12=l"alsc a 13=4 a 14=truc :l15=f:llse a 16=!alsc
Sclcction cl"Iteria for subset gcncration A4='truc' and slno!=95
Class Namc: mammal, [(Product 01":.111conditional Prohuhility)*P(Class vahle)]: 0.027925605291 58()U82
Instance sino 95 c\uss nume mal11mal
Instance 1)(1 aO=vultul"Ca I=!illse a2=tl"uc a3=trl1c a4=lillsc a5=trl1c :16=!illse :.l7=truc a8=tillsc a9=tl't1c a I()=lruc
a I I=falsc a 12=lillsc a 13=2 ul4=truc a 15=lillsc a 16=truc
Sd.:ction critcria for subsct gencration A4='Ju1se' and 5Ino!=96
("lass N:.llllC amphibian, [(Product ul"all conditional Proh<lbilily)*P(Class value)]: 1.50 J 83549%%34 I31;-x
Class N:llllC. hiI'd, I(J'rodllct orall conditional Probability)*P(Class value)]: 0.01123480150(87421)8
('lass Name !Ish, [(Product of all conditional Probabilily)*P(Clnss value)): 4.745038509325221 E-I I
Class Name inscct, [(Product of all conditional Probability)*P(Class value)]: 1.8456610986881H)45E-8
Class Name invcrtcbrate, [(Product ol"all conditionalProbability)*P(Class valuc)l2.73578l)B93%28497E-9
Class N:ll1le: rcpti!c, I(Prodllct of all conditional ProbabiliLy)*P(Class v<lluc)J: 2.39U584249843802E-7
Instancc sino % class name bird
Instant:c 97 : aO==wallallyal =truc a2=1~llse a3=f'alse a4=true a5=Jillsc au=lillsc a7=falsc a8=truc a9=truc :11O=trul:
a I I=Iulsc :l12=lalse a I3=2 al4=truc <l15=lillse a Iu=truc
Selection criLeri<lfor subset gencration A4='true' and slno!=97
Class Namc: mamlllal, l'(Prot1uet 01"nil conditional Probability)*P(Class valuc)l: (J,(J20(19175183031 (1317
111~lal1CCsIno 97 t:lass n:.lIllCm<llllll1:.l1
Illstance ()8 : aO=wasp a 1=true a2=false aJ=true a4=1'alse a5=truc a6=false a7=l"alsc a8=l"nlsc a9=falsc :11O=trul:
all =true a 12=fillse a IJ=6 a 14=false <l15=false a 16=fblse
Sdedion criteri:1 for subsct gcneration A4='!illsc' and slno!=98
(.J<lSSNml1t:: amphihian, !(Product 01"all conditional Probability)*l'(Cbss value)]: 6.H4l)(J%62h4(11527E-1 ()
Class Nalllc: bird, I(Pmduct ufal! conditionull'robability)*P(Class valuc)]: 2.481 I24774473861)E-l 2
Class Namc: fish, [(Pl'Oduct of all conditionlll Probability)*P(Class valllc)]: 2.4914878526507385E-15
Class Name: inscct, I(Product 01'011conditional Probability)*P(Class valuc)l7,906932376486142E-4
('lass Nallle: invertcbratc, I(lJroduct of all conditional ProhabiliLy)*P(Cluss value)]: 2.]877581 3U5 14()444E-7
('lass Nnl11c:rcplilc, l(Productl)f all conditional Probability)*P(Cluss value)]: 3.4R54R6515lJ232H66E- I (J
In~tance s) no 98 class namc insecI
Instance l)l) : nO=wolf a 1=tme a2=false a3=false a4=t1ue a5=falsc a6=!blsc a7=truc a8=truc a9=lruc a IO=truc
a I I=t~lse a 12=t':1lse a 13==4a 14==truca 15=t':1lsca 16=truc
SciCCIioll critcria for subset gCllcrminn A4='truc' and slno!=99
{"!ass Nallle: mamlllal, [(Product of all conditional Prnbability)*I'(Class \'<l1Lle)):0.114194138414824(,3
Instance sino 1)9class namc mamilla I
IllsLal1te I()O ' a{J=wllIl11:11=false a2=1~lse a3=trllc a4=lalse a5=false a6=falsc n7"'lillsc a8=!illsc a')=!alsc
a 1()=!ruc a 1I=Ialsc a 12=falsc a 13=0 a 14==f"lsea 15=lillse a 16=lillse
Sdection criteria for suhsct gCllemtinn A4='jillse' and slno!=1 00
Class Name: amphibian, I(Product of all conditional Prohability)*P{Class valuc)l 5.219J8164460gg~91::-7
Class Name: bird.j(l'rodllc! of all conditional Probability)*P(Class vnllle)]: 7.985246346()66202E-~)
('I<ls~ Nalllt:: fish, 1(I'roduct of alit:ollditionul Probability)*P(Class V:.lll1c)l 1,200039~957811602E-9
CI<lss Name: illSt:ct, I(Prndlicl of all conditional Probability)*I'(Class v:lluc)]: 2.4')155140508779:<;21:-4
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Appendix

Class Name: invertebrate, J{Prodllclnfali conditional Prohability)"I'(Class value)]: 2.6860345077422455E-4
Cbss Namc: rcptile, [(Product of all conditional Probability)*P(Class value)]: 1.560845015567689[;-6
Instance sino 100 class namc invertebrate
Instancc I() I : aO=wt"cn a I=falsc a2=trlle a3=trlle a4=false :15-=trllca6=false a7-=flllsc a8=false a9=truc :11()=trllc
a I 1=ralsc a 12=1111sca 13-=2:J14=true a 15=falsc a 16=fulse
Selection criteria for subset generation A4='llIlse' and slno!=IOI
Class Name: amphibian, [(Product of a]] conditional Probahility)*P(C1ass value»): 4.099849060089932E+8
Class Name: bird, [(Product of all conditional Probability)*P(Class value)]: 0.03230607138797856
Cbss Name: nsh, [(Product of all conditional Probability)*P(Class v:Ilue)]: 4.774000 199774508E-1 1
Class Name: insect, [(Product oral! conditional Probability)*P(Class value)]: 7.344382184602997[;.7
Class Namc: invertebrate, [(Product of all conditional Prohability)*P(Class value)]: 4.71 0873(1){)71 74551:-9
Class Name: reptile, [(Product of all conditional Prohability)*P(Class value)}: 2.425765101760 1206E-7
Instance sino 101 class Ilaille bird
Ernlr ralc-=Z.97'Y"

101
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