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Abstract

Naive Bayes (NB) is one of the most efficient and effective learning algorithms for
machine learning and data mining tasks due to its linear computational and memory
complexities and easier implementation technique. The main focus of NB 1s the
simplification of Bayes Optimal Classifier. A common problem in Bayes Optimal
Classifier is the direct estimation of class-conditional probability distribution (CPD)
from a given training data set with high dimensional feature space while finding the
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. NIB 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, we proposc a new learning algorithm of Naive Bayesian classification to
alleviate the independence assumption problem in NB, lher‘eby, 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
cach attribute. Attribute dependence of each attribute on other attributes 18 estimated
from training data sel with the help of dependency equation. Most interdependent
altributes are sclected based on their dependency and by applying a leave-onc-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 subsel to
classify the test example. The algorithm has been tested on a wide range of natural
and artificial learning domains taken from UC! machine learning repository.
Experimental result shows that the new algorithm obtains a lower error rate than that
of NB classifier, BSE) and LBR. In some domains its error rate is lower than that of’

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

Chapter One

Introduction

1.1

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.

Classification and its Applications

Classification is a task 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 atiributes and is expected to correctly classify the object into
one of several predefined categories. The attribute values of the incoming
objects vary, and one hopes that the classification can be done based on the
actual values of these attributes. In a supervised leamning scenario, the classifier
is provided with a set of training examples prior to performing the real
classification task. Fach training example consists of an object to be classified,
as well as (he correct category to which it should be assigned. Thus, during

learning phase the classifier analyzes the training examples and builds a model
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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 learning
which is widely used in many practical applications of the ficlds like data
mining, information retrieval, image processing, biomnformatics, stock
prediction, medical diagnosis, weather forecasting etc. These applications
typically involve finding inherent pattern, extracting hidden information in
massive data, predicting unknown data, discovering appropriate decision for

new situations.

A large number of machine learning applications concern recognizing diseases
and predicting the development of diseases. In these studies patient’s records are
collected and used in a classification techuique to learn a model that can
recognize a disease or predicts its development. Medical diagnosis is known (o
be subjective and depends not only on the available dala 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 examimed by
different physicians or even by the same physician at different time (different
day of the week or different hour of the day). Machine learning technology 15
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
ltospitals 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
derived from the description of cases solved in the past by the derived classifier.
This classitier can then be used either to assist the physician when diagnosing
pew 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 problen. Automatically dertved diagnostic
knowledge may assist physicians to make the diagnostic process more objective

and more reliable and in many studies, it is seen that classifier outperform the

[\
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diagnostic accuracy of physicians specialists when physicians have available

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

Biological data are tlooding in an enormous rate and causing the current
databases to expand at an exponential rate due to the new and efficient
experimental techniques in 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 bicinformatics because programs
based on these approaches can leam automatically from the available data and

produces useful hypotheses.

In an information retrieval system, classification technique is used to classily a
document into groups on the basis of common content or commen characters.

Classification of text is the primary requirement in these systems.

In a decision 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 sateilite data from various sensors '
and platforms are being used to develop automated atgorithms to assist in
operational weather assessment and forecasting. Supervised machine learning
techniques as well as classification algorithms are used fo develop associated
classification and parameter estimation algorithms. These approaches are used
to diagnose the sensible weather elements more accurately than numerical

wealher prediction or satellite methods alone.
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1.2 Naive Bayesian Classification and its Problems

The Naive Bayes’ (NB) Model [14, 15] is an efficient and well known method
for performing supervised learning of classification problems. Primarily it tries
to remove some problems of Bayesian leaming, 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 machine 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 from training data. 1f there were sufficient randomly sampled
examples of every possible combination of attribute 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
attributes 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
classifier is O(nk). The independence assumption makes NB also space
¢fficient. 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 1s 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 ‘Bayesia‘n classifier becomes very poor
and classification accuracy degrades. In other words, the performance of N3

classifier in this kind of domain can be further improved.
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1.3 Literature Review

A number of approaches have been sought to alleviate the independence
assumption problem of Naive Bayesian classifier. It includes NBTree {12], LBR
[24], RBC [16], BSEJ [19] etc.

NBTree is a hybrid approach combining the Naive Bayesian classifier and
Decision tree leaming. 1t 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 Naive Bayesian classifier or Decision iree learner but error rate mcreases due

to the problem of small disjuncts.

LBR [24] (Lazy learning of Bayesian Rule) uses a lazy learning technique to
learn a Bayesian rule. It retains all training example until classification time.
Before classitying 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
cxample, LBR starts from a special Bayesian rule whose antecedent is true. Its
focal naive Bayesian classifier in the consequent part 1s trained on the entire
training set using all attributes. This Bayesian rule is identical to a conventional
naive Bayesian classifier. LBR then uses an extensive search to grow an
antecedent that matches the test example, with the aim of reducing the errors of
its local naive Bayesian classifier. During the growth of the Bayesian rule each
candidate Bayesian rule is evaluated by performing 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 atiribute 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 current Bayesian rule. All the current local

training examples that satisfy this attribute-value pair form the Jocal training set
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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 growing of the Bayesian rule 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 extensive computation while
generating Bayesian rule for a test example. While applying LBR on a dataset of
small size, it can not improve the performance of Naive Bayesian classifier.
LBR is similar to LAZYDT [9] with respect to performing lazy learning of

decision rule.

LAZYDT generates decision rule at classification time and a subset is chosen 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 of NB classification
by identifying rtegions 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
corresponds (o 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 artificial domain but did not prove

superior 1o NI3 on a set of natural domains.

BSEJ [19] (Constructive Bayesian Classifier) uses constructive induction and
attribute deletion to alleviate the attribute independence assumption problem of
NB classifier. [t uses an exiensive search at each step to delete one attribute or {0
create one new aitribute 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 NB
classifier estimated using N-CV on the training set. The NB classifier built on

the current set of attributes including new attributes i1s returned as the final

6
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1.4

classifier. This requires enormous computational time in attribute deletion and

addition.

Objective of the Thesis

4

Classification algorithms of Machine Learning Technology are comprehensively
used in the fields like data mining, pattern recognition, image processing,
bioinformatiqs etc. Research work is beiné continued to develop etficient
classification algorithm and to boost up the performance of existing
classification algorithms. The present research focuses the enhancement of the

most welt known optimal learning algorithm “Naive Bayesian (NB) classifier”.
The objectives of the present research are as follows:

< [nvestigation and elimination of the problems of NB classification.

% Analysis of existing algorithms improving the performance of NB.

% To develop an efficient learning algorithm of NB classification and improve
the performance of NB.

% To observe the effect of training data set size on the performance of the
proposed learing algorithm.

% To make the leaming algorithm applicable to small size as well as large size

of dataset.



Chapter Onc: Introduction

1.5 Thesis Organization

The remaining part 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 natural and artificial learning domains includmg
domain descriptions, attribute dependence and error rate chart for each domain.

Conclusions of the obtained result are presented i Chapter 5.
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- Chapter Two

Bayesian Learning

2.1

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. Section 2.2 explains
how Naive Bayesian classification evolves from 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.
Bayes’ Theorem and its Problems

In many machine leaming applications, we are oflen 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 predicﬁon of test example is to say that we
demand the most probable prediction of the fest example. Bayes theorem
provides a direct method to calculate the most probable prediction of an
unknown example. Let us assume that we are given a set of training examples
which has attributes A; through Ay and an associated class C. Each attribute and
class ot each example in training data has a discrete value. We consider a test

example whose class value is unknown but attributes A, through Ay have the
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values a, a,. Thus the test example can be described

asd, =a,, Ay =a,, A, =ty e, A, = a, , Class C-= unknown . The optimal prediction

ol the test example is class value ¢ such that P{C=cid =a A.d,=0a) 15

&
maximuni.

By Bayes’ rule this probability equals.

argmax.__
g et P(A

(2.1)

P{C=c¢y = Prior probability of class c;

P (AI =a,A....A= KIA) = Example Probability

PlA=un...d=aC= c,.) = (Class conditional probability

¢;= i th value of class C

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

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

class value ¢. Learning is therefore reduced to the problem of estimating the

class conditional probability from training examples.

We know conditionalized version of product rule as:

[P{AABIE)=P4|BAE)P{B|E)]

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

PlAd =alA, =, nd,=a, nC=c). P{d,=a, nced,=a, |C=c,)

Recursively the second factor can be written as:

P(d, =a,|d, =a, nd,=a, ,nC=¢)-PA, =y A A=, |C=c¢)

In this way class conditional probabilities can be written tn expanded [rom as:

PlAd=a n.Ad=a|C=c)=P(d =al|d, =a, n..A=a, A\C=,)
xP{A, =a,|4, =a,n....A,=a, nC=¢,)
XP(A3=(13{A4=(.'JA ...... A, =a, nC=c¢,)
«P(Ad,=a,n...A,=a,|C=c,)

(2.2)

and so on.

All factors in equation (2.2) must be calculated from training examples. I'rom

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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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 cléss-conditional
probabilities contains error. Hence classification accuracy goes down in

Bayesian learning. This problem is alleviated partially in Naive Bayes’.
From Bayes to Naive Bayes’

One highly practical Bayesian learning method is the Naive Bayes learner, often
called the Naive Bayesian classifier. The naive Bayes classifier is based on the
simplifying assumption that the attributes are conditionally mdependent given
the class value of each example in the training data set. Suppose we assume for
each attribute A; that its outcome is independent of the outcome of all other
attributes A;, given c, then first factor at the right hand side of equation (2.2) can
be wrillen as:

P(A =a|A, =a,n...d,=a, nC=c,) =P(4 =a|C=c,).

Similarly second factor at the right hand side of equation (2.2) can be written as:

P(A =a,|A, =a, n.nd= 0, AC=c) =F’(z":‘1 =(‘£2|C=c'.)

The third factor will be:

PlA, =a |4, =a, nod,=a, AC =¢,)=P (A3 =a,|C= C,.)

For A4 through Ay similar expressions follow.

Thus class conditional probabilities transforms as:

Pld =an...A=0|C=c)

=P (/I‘ =a(("=¢ )P(A1 =a,|C=c¢)..P (4 =q, C=c)

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

class, class-conditional probabilities transforms as:
I3
PA, =a, ~ ... Ak=(rk|C=c;)=n P(A, =a, C =¢;)
=t
If we put this value in equation {2.1) and discard the example probability as it is
same for all class values, equation (2.1) transforms as follows:

= argmax

class value ;e €

) .
P(C:Ci)HP(Ai:ai|C:CJ') (2.3)
i=|

11
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2.3

This equation is known as Naive Bayesian equation. Independence assumption
makes Bayesian tearning 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.
Recently Improved Algorithms

A number of algorithms have been developed to remove the idependence
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 formed by
combining the elements of the two. It reduces the computational overhead of
previous version but prediction accuracy remains same. Another improved
implementation of BSEJ [19] is BSE [24]. BSE is sclective naive Bayesian
classifier similar to BSE] except that each step of greedy search, BSE only
considers deleting one existing attribute whereas BSEJ considers both deletion
of existing attribute and creation of new attribute from two nominal attributes.
Cartesian product attribute formed from two nomin‘al 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, az, a3} and {by, by} respectively. The Cartesian product attribute formed
from A and B has the value set {a by, a,by, azby, azba, asby, asby}. BSE reduces

the computational overhead of BSEJ but accuracy is kept unchanged.

12
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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 for
each attribute in the training examples. The dependence of each aitribute 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 1o
select a subset of examples from the training examples. A local Naive Bayesian

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

13
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- Chapter Three

Proposed Algorithm

in this chapter, we describe a new algorithm to alleviate the independence
assumption problem in Naive Bayesian classification. The steps of the proposed
algorithm, flow chart and pseudocode of the algorithm, attribute dependency,
dependency equation and the procedure for selecting the final rule from the
calculated error rate are described in detail in Section 3.1. Section 3.2 gives a
detail delineation of proposed algorithm using two popular datasets Soybean and

Zoology domains.
3.1 Operational Description of Proposed Algorithm

We propose a new algorithm which mitigates the independence assumption
problem in Naive Bayesian (NB) classification and makes it applicable to
various natural and artificial domains. The algorithm is applicable to domains of
both small and large dataset size. In this algorithm a test example is classified by
choosing a subset of examples from the training data and applymg a local NI on
the subset. The subset is chosen with a selection criteria based on most
interdependent attributes and their values in the test example. The main steps of
the algorithm and the working procedure are as follows. Fig 3.1 gives the flow

diagram and Fig 3.2 gives the psendocode of the algorithm.

14
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Step 1: We take a data set as initial training data T; of fotal “m” examples and

“L.” attributes.

Step 2: We find the distinct values of each attribute from the training data. An
attribute of an example in (raining data has a specified value. This value may be
repeated in other examples 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: [n this algorithm we mitigate the independence assumption problem 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 atiribute dependency and dependency

equation later in this chapter.

Step 4: At this step, attributes are ordered based on their dependency in
descending. This helps us to choose the highest dependency attribute first. This

ordered attribute set ts denoted as Ap.

Step 5: Fromn the ordered attributes set Ajy “A(”, the highest dependent attribute
is selected. An example T is chosen from initial training data T;. Auribute A,

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 attribute of the example cuirently under classification in present

step of cross validation based on rule “R”.

Step 7: We choose a subset “Sy” of examples from (T; - Tj;) examples.

1%

Step 8: A local Naive Bayesian classification is applied on the subset “S¢7. We

choose only the attributes for local NB that are not used in iteration rule “R”. All

15
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class conditional probabilities and prior 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 Ty is classified.

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

rate other wise we go fo step 0.

Step 10: If all “L” attributes of training data’ T; is encountered in the iteration
rule “R” then we find the final rule which has the lowest error rate other wise we
go to step 5. In step 5, next available highest dependént attribute with its value
in one example is and-ed with its previous rule and the execution continues with

step 0.

Step 11: 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, error
rate is calculated to find the best rule. The attribute dependence and the process
of selecting the final rule from error rate of cross validations are narrated in

detail in the next sub sections.

16
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3.1.1 Attribute Dependence

The dependence of an attribute 4y, on other attribute 4; can be defined as [2]:

2 2
cosopla=v. IsalPla, =v., A=V | -rla, =V,
22 J; [/’ U:‘JZ"M [ v = agyy, Vi "’f] [ M M]M}

HE\AE.#AMH

(3.1)
Attribute A, is independent of all other attributes, 4, if equation (3.1) equals 10

zero. It is possible only when,

2

2 2
> =V =y _p = =
/ (AM “Yag,, 4, !UJ f [AM VM].M} 0

(4 = VH’_ ) = j th value of attribute A,

P (AM =V ) = Prior probability of the jth value V,, ~of attribute A4,

My

P4, =V

Miy

|4, =V, ) = Conditional probability of (A, =¥y, ) given
that A =V,

P (A,. =V, ) = Prior probability of the jth value V; of attribute 4,

From training data set we calculate the aforesaid probability terms and putting
these values 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 qilanlify the concept of true error rate, we make the following definitions
which are essentially the same as those in [3]. Let an example be x = (1, y),
where t stands for the features of the example and y is the true classification of
the example. Suppose a learning algorithm constructs prediction rule w(t, X)
from training set X.

Let J7; =n( f!/\) be the prediction on example xi and let Oy 7, ) be the error of

the learned rule on that example.

17
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We define Q as:

Qu.n)=0 1 n=y,
=t iy (3.2)
We then define true error rate (Err) as the probability of incorrectly classifying a

randomly selecied example x = (7., ), that is the expectation:-

Err=E, Q(Y, (T, .Y,) (3.3)

Here “F" is the distribution of training examples and “E” is the probability of
selected example. Cross validation estimates error by reserving part of the
training set for testing the learned theory. In general, v-fold cross
validation{randomly) splits the training set into v equalized subsets, trains on (v-
1) of them 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
‘leave-one-out’ (n=1) cross validation. We define ‘leave-one-out’ cross
validation estimate of error as:

E!‘F(CV): % iQ(J’.— LX)

(3.4)

Where X(i} 1s the training set with xi removed and p(¢ X,i) is the rule learmed

from X(i). At first iteration, learned rule is:

17, = Attribute with highest dependency  with its value in one of the example
. Brr(cv) is calculated at each ileration. At next iteration second highest

dependency attribute is and-ed with #;; and Err (cv) is calculated again.

Now, learned rule is:

1., = 1, ~ Alribute with second highest dependency wiih its value inoneaf the example
This process continues until all attributes encountered once.

The final learned rule will be all aitributes and-ed with their values in one
training example:y, =5, A 5. a7, A ..

which produces minimum error rate {i.e., which gives a minimum value for

Err(cv)). This rule is used to classify any unknown instance 1, 1g X.

The lMNow chart is as follows:

18
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Initial training set T; , Total
example=m, Total Auribute=L

'

Find distinct values of each attribute
from T,

!

Find dependency of all attributes in T,

|

Ay, = Ordered atiributes based on
dependency (descending).
Take initial rule R=True

f

A =Next available highest
dependency attribute in Ap R =R A A,

Each of
m- example
tested once?

No

Find Error rate

E rr((l‘,'l) :}{1 1&@(]’;,}2 )
|

Each of top
L-attributes

Jr

Lise N-fold cross validation{n=1), Test
case Tg, (T e T)),
Training 8= (T; - T} examples

v

S =Choose subset from S bhased on R

Apply NB on Sy, use attribules (A -R)

only, Classify test case

QT ,R)={0,1]

Figure 3.1: Flow chart of proposed algorithm.

encountered ?

lY es

No

Select final rule R for lowest
error rate

:

For any unknown instance,
using R with values in ftest
case choose subset, apply NB
and classify test case .
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The pseudocode of the algorithm is as follows:
NBDependency(Tiaining . Ecxampte)
Input:
Tuaining : A set of training examples having a total of L attributes and

m examples with attribute values and class values are known.

Eexample 1 A test example whose attribute values are given but class
value is unknown.
Output:

A predicted class for the test example Ecxﬂ,{,p]c_

For each attribute in Ty, Do

Find distinct values of the attribute.

For each attribute in Ty uning DO

Use distinct values of the attribute.
Use all examples in Teaining
Find dependency of each attribute using dependency equation.
t// put sorted attributes i array Ap| |.
Ap[L] : = Sorted attributes on dependency in descending.
R =True //Initial iteration Rule
ErrorOfEachlteration [ L ] : = & // a set of error at each iteration, initial value
null.

Forp:=0 1oL Do // Foreach attribute generate an iteration rule R.

i
|

A=Ap(pl] // Next available highest dependency
attribute.

R:=RArA /1 Attributes of each iteration Rule.

Bsea [m] ;=D // Initial set of tested example is null.

20
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Fork:=0tom-1 Do //For Each test example in Tugining classify
each test example.
/f{Apply Leave-One-Out cross Validation

on Ttruining.

¢ : = One example from Tiuining

If ¢ @ Biegieq then 1:=¢ /I Choose test case
S = Tuuining — | - // Training set
C :=True /! Selection criteria , initial value = True

Forq:=0 io p Do // Make selection criteria taking all
attributes in R for each test

instance 1.

C:=C ~ A withits value in |

= A set of examples from S that satisfies the

[ subset -

condition “C”

For j:=p+1 10 L Do
/1 Take attributes for (NB) that are not in “C”

AttributesForNB [j-(p+1) ] := Ap[]]

1
I

Apply’ NB on Taise and classify I, use atinbutes that
are in AttributesForNB [ j ] only.
Eiesiea [ k ] =1

// find error rate

If “I" 1s correctly classified Then

—_
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Else

TotalError : = TotalError + Y

ErrorOfEachlteration [ p ] : = (1/m) * TotalError *100
/1 Error rate in percent

1
]

FinalRule := Select rule R having lowest error rate in ErrorOfEachlteration|[L.}.
- Choose a subset from Fining Dy using attributes in FinalRule with their values

in Eecample

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

End.

Figure 3.2: Pseudocode of proposed Algorithm,
3.2 Detailed Working Procedure

The new algorithm is explained vsing two popular dataset Soybean and Zoology

domains

3.2.1 Applying Proposed Algorithm on Soybean Dataset

The main classification task is to {ind the diseases categories of a Soybean plant
from 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 number of
instances 683. The missing values in the attributes are denoted by *7”. Attributes
are : (1. date, 2. plant-stand, 3. precip, 4. temp, 5. hail, 6. crop-hist, 7. area-
damaged, 8. severily, 9. seed-tmt, 10. germination, 11. plant-growth, 12. leaves,
13. leafspots-halo,  14. leafspots-marg, 15. leafspoi—size, 16. leaf-shread, 17.
leaf-malf, 18. leaf-mild, 19. stem, 20. lodging, 21. stem-cankers, 22. canker-

leston, 23. fruiting-bodies, 24. external decay, 25. mycelium, 26. int-discolor,
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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-1:  First we find distinet 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 “A1” 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 7",

Table 3.1:  Distinct values of attributes of Soybean domain. Total of 335
altributes exist in the domain. Some attributes have missing

erysy

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

particular example has no value for this attribute.

Al Al A3 Ad A5 |AG AT A8 A9

i ! ! ? T ? ? !

april lt-normal | gt-norm [ gt-nom | no | diff-lst-year low-areas | minor fungicide
August nomad | lt-nerm [li-nomm | yes | same-ist-sev-yrs | scattered pot-severe | none
july norm o same-Ist-lwo-yts | upper-arcas | scvere olher
june same-lst-yr whole-field

may

october

seplenther

Continuation of Table 3.1

A10 JATT |AL2 Al Ald AlS |AlG Al7 AlR Al9
80-89 |7 abnorm | ¥ i ? ? ? ? !
Y0-[00ubnormj norm | absent Dna dna jabsem |absent |{absent abnorm
? nerm no-yellow-hatos | no-w-s-imarg | gl-1/8 |present | present | lower-surf’| norm
11-80) yellow-halos W-S-Arg I1-1/8 upper-surf

23
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Continuation of Table 3.1

A20 |A21 A22 A23 A24 A25 A6 [A27 A28

! ? ? ? ? 9 ? ? *

no [above-sec-nde | hrown absent | absent absent | black |absent | discased

yes | above-soil dk-brown-blk | present j Firm-and-dry | present | brown | present | doa
Absen dna watcry none few-present
below-soil tan norm

Continuation of Table 3.1

A2Y 430 [A31  |A32 A3 Ald A5 . Class

! ! ? ! ! ? ? 2-4-d-injury
abse abmorn] absent] absent it-norm | absent ¥ palls-cysts | altemarialeafispot
brown-

v/hik-specks [norm |present) present | norm present | norm Anthracnose
colored rotled bacterial-blight
dia bacierial-pusiule

brown-spot

brown-stem-rol

charcoal-rot

cysi-nematode

diaporthe-pod-&-siemn-blight

diaporthe-stem-canker

downy-mildew

frog-eye-leal-spot

herbicide-injury

Phyllosticta-leal-spat

phylophthora-rat

powdery-mildew

purple-seed-stain

vhizoclonia-root-tot

Step-2: Now we find the attribute’s dependencies from the distinct valucs of
attributes and training examples using dependency equation. The attribute’s

dependencies 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 ecach attribute. All of the 35 attributes’

dependencies are given in this table.

Attribute Dependency Attribute S| No(0-35)
Name
A29 0.17411481477680107 28
A4 0.16655758587323488 33
A20 0.16401849410315217 19
A32 0.1576619031391632 31
A23 0.1569907694989127 22
A33 0.15110309842271025 32
AS 0.14784659182398138 4
A28 0.14765412809728 27
Al4 0.144042511013062 13
Al8 0.14200400939156918 | 17
A30 0.14102965218211927 29
A8 (0.1408746257906G6126 7
Al3 0.1356451968968302 12
A35 0.13481602313402816 34
AlS 0.13448928296769305 14
A9 0.12866330569656903 8
A3l 0.1250136954522472 30
Al7 0.12250635559331303 16
AlG 0.11836843806578816 15
A22 0.11700404499400117 21
Al 0.11627402988184009 10
A0 0.11082311042285567 9
A21 0.10183103940935141 20
Class 0.09506869181147803 35
AlY 0.0917037946433417 18
A2 0.07673799037532297 1
A24 0.0660153731509228 23
Al 0.05974218290098993 2
A20 0.05455056319917149 25
A27 0.04840329545949396 | 26
A25 0.0451979618506194 24
Ad 0.04482361659593675 3
AT 0.04047682579518786 6
Al 0.020209091031211456 0
Al2 0.018752830150328265 11
AD 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. '

e, e s ]
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Figurc 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 find 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 NI classi{ier

at each iteration are given in the following:
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First iteration(A29).

From attribute dependency chart we see that attribute “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-1: Classifying a test example from one of the 683 examples in

Leave-One-Out cross validation procedure for first 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 of the
attribute. Second column gives the corresponding values of each
attribute in the example.

Attribute Attribute values in the

Name example
al july
a2 normal
a3 lt-norn
ad norm
a5 yes
ab same-lst-yr
a’l upper-areas
a8 pot-severe
a9 none
all 90-100
all abrorm
al2 abnorm
all absent
ald dna
als dna
al6 absent
al? absent
alg absent
al9 abnorm
a2( yes
a2l absent
a22 fan
a23 absent
a24 absent
azs absent
azo back

27
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Continuatien of Table 3.3:

Attribute Attribute values in the
Name example

a27 present
a2é norm
a29 dna
a30 norm
a3l absent
ald2 absent
alil norm
a34 absent
alds norm

We take the values of attribute “A297 in this example and make a selection
criteria: 429 ='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 1s 99.
Thus total number of training examples for local NB 1s 99. -

Selection criteria for subset: a29 = 'dna’ '

Subset Total Example: 99.0

Total class categonies in this subset; 5

We apply a local Naive Bayes’ on this subsctiof 99 examples. Attributes for
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-1: This gives a description
of attributes for local NB of example-1. First column of the
table gives the abbreviated name of the atiribute. Second

column gives the corresponding values of each attribute in the

example.
Attribute Name Attribute vatues in the
test example
al July
a2 Normal
al It-norm
ad norm
a5 Yes
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Continnation of Table 3.4:

Attribute Name Attribute values in the
test example

a6 same-lst-yr

a7 ' upper-arcas

a8 pot-severe

a9 none

al0 90-100

all abnorm

al2 abnorm

al3 absent

ald Dna

als Dna

ale absent

al7 ibsent

al8 absent

al9 abnorm

02() Yes

a2l absent

a22 Tan

a2l absent

a24 albsent

a25 absent

026 black

a2l present

a28 norm

a30 norim

a3 1 absent

432 absent

a33 Norim

a34d absent

a3s norm

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

charcoal-rot, diaporthe-stem-canker, phytophthora-rot, rhizoctoma-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 value = brown-stem-rot

P{al=july | brown-stem-rot): (.24286856838176485
P(aZ=normatl | brown-stem-rot): 0.45614502799253537
P(a3=It-norm { brown-stem-rot): 0.5097307384697414
P(ad4=norm | brown-stem-rot): 0.36790189282857905
P{a5=yes | brown-stem-rot); 0.5578512396694215
P(ab=same-lIst-yr | brown-stewm-rot): 0.11276992801919489
P(a7=upper-areas | brown-stem-rot): 0.29192215409224204
P(a8=pot-severe | brown-stem-rot): 0.6336976806185017
P(a9=none | brown-stem-rot}): 0.4950679818715009
P(a10=90-100 | brown-steni-rot): 0.3400426552919221
P(al1=abnorm | brown-stem-rot): 0.9390829112236736
P(at2=abnorm | brown-stem-rot): 0.5351906158357771
P{al3=absent | brown-stem-rot): 0.5293255131964809
P(ald4=dna | brown-stem-rot): 0.5293255131964809
P(al5=dna | brown-stem-rot): 0.5293255131964809
P(al6=absent | brown-stem-rot): 0.9738736336976803
P(al7=absent | brown-stem-rot): 0.9828045854438816
P(al8=absent | brown-stem-rot): 0.9802719274860037
P(al9=abnorm | brown-stem-rot): 0.9584110903758998
P(a20=vyes | brown-stem-rot): 0.2509997334044255
P(a21=absent | brown-stem-rot): 0.9594774726739536
P{a22=tan | brown-stem-rot): 0.9176219674753399
P(a23=absent | brown-stem-rot): 0.9720074646760863
P({a24=absent | brown-stem-rot): .9752066115702479
P{a25=absent | brown-stem-rot): 0.9941348973607038
P(a26=black | brown-stem-rot): 0.002532657957877899
P{a27=present | brown-stem-rot): 0.002532657957877899
P(a28=norm | brown-stem-rot): 0.9632098107171421
P{a30=norm | brown-stem-rot): 0.9724073580378565
P(a31=absent | brown-stem-rot): 0.9788056518261796
P(a32=absent | brown-stem-rot): 0.9773393761663556
P(a33=norm | brown-stem-rot}; 0.9798720341242335
P(a34=absent | brown-stemi-rot): 0.9808051186350306
P{a35=norm | brown-stem-rot): 0.9824046920821115

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

Class Name-brown-stem-rot, [(Product of all Class conditional Probability)*Base
rate of the class]: 6.227878140110804E-13
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Agpain, we calculate the class conditional probabilities for class value “charcoal- .

rot”. These are as follows:

Class conditional probabilities for class value = charcoal-rot

P(al=puly | charcoal-rot): 0.11157659544756318
P(a2=normal | charcoal-rot): .9540566959921799
P(a3=lt-norm | charcoal-rot): 0.9149560117302052
P(ad=norm | charcoal-rot): 0.24256388772517803
P(aS5=yes | charcoal-rot): 0.44155844155844154
P(a6=same-ist-yr | charcoal-rot): 0.21337801982963273
P(a7=upper-areas | charcoal-rot): 0.44868035190615835
P(a8=pot-severe | charcoal-rof): 0.94958804636223%9
P(a9=none | charcoal-rot): 0.4710236000558581
P{al0=90-100 | charcoal-rot): 0.26099706744868034
P(all=abnorm | charcoal-rot): 0.9361820974724201
P{al2=abnorn | charcoal-rot): 0.989247311827957

" P(al3=absent | charcoal-rot): 0.935483870967742
P(ald=dna | charcoal-rot): 0.935483870967742
P(al5=dna | charcoal-rot): 0.935483870967742
P(al6=absent | charcoal-rot): 0.9726295210166178
P(al7=absent ] charcoal-rot); .98 9857561793046
P(a18=absent | charcoal-rot): 0.9793324954615277
P(al9=abnorm | charcoal-rot): 0.9564306661080855
P(a20=yes | charcoal-rot): 0.8343806730903505
P{a2 | =absent | charcoal-rot): 0.9575478285155704
P(a22=tan | charcoal-rot): 0.9136992040217846
P(a23=absent | charcoal-rot): 0.9706744868035191
P{a24=absent | charcoal-rot): 0.974025974025974
P(aZ5=absent | charcoal-rot): 0.9938556067588326
P{a26=Dblack | charcoal-rot): 0.9074151654796816
P{a27=present | charcoal-rot): 0.9074151654796816
P{a28=norm | charcoal-rot): 0.961457896941768
P{a30=nomm | charcoal-rot}; 0.9710934227063259
P(al I=absent | charcoal-rot): 0.9777963971512359
P(a32=absent | charcoal-rot): 0.976260298840944
P(a33=norm | charcoal-rot): 0.9789135595587208
P{a34=absent | charcoal-rot): 0.9798910766652702
P(a35=norm | charcoal-rot): 0.9815668202764977

Basce rate of the elass: P(charcoal-rot): 0.19191%1919191919

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

Class conditional prebabilitics for class value = diaporthe-stem-canker

P(al=july | diaporthe-stem-canker): 0.24286856838176485
Pla2=ncrmal | diaporthe-stenm-canker): 0.9561450279925353
P{a3=lt-norm | diaporthe-stem-canker): 0.009730738469741403
P{ad=norm | diaporthe-stem-canker): 0.9588109837376699
P{aS=yes | diaporthe-stem-canker): 0.9214876033057852
P{ab=same-Ist-yr | diaporthe-stem-canker): 0.29458810983737665
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P(a7=upper-areas | diaporthe-steni-canker): 0.019194881364969343
P(a8=pot-severe | diaporthe-stem-canker): 0.6791522260730471
P(a%=none | diaporthe-stem-canker): 0.5405225273260463
P(a10=90-100 | diaporthe-stem-canker): 0.15822447347374033
P(al1=abnorm | diapoithe-stem-canker): 0.9390829112236736
P(al2=abnorm | diaporthe-stem-canker): 0.9897360703812317
P(al3=absent | diaporthe-stem-canker): 0.93841642228739
P(al4=dna | diaporthe-stem-canker): 0.93841642228739
P(al5=dna | diaporthe-stem-canker): 0.93841642228739
PP(al6=absent | diaporthe-stem-canker): 0.9738736336976805
P(al7=absent | diaparthe-stem-canker): 0.9828045854438816
PP(al8=absent | diaporthe-stem-canker): 0.9802719274860037
P(al9=abnorm | diaporthe-stem-canker): 0.9584110903758998
P(a20=yes | diaporthe-stem-canker): 0.70554518794988
P(a21=absent | diaporthe-sien-canker): 0.05038656358304452
P(a22=tan | diaporthe-stem-canker): 0.008531058384430818
P(a23=absent | diaporthe-stem-canker): 0.0629165555851773
P{a24=absent | diaporthe-stem-canker). 0.06611570247933884
P(a25=absent | diaporthe-stem-canker): 0.9941348973607038
P(a26=black | diaporthe-stem-canker): 0.002532657957877899
P{a27=present | diaporthe-stem-canker): 0.002532657957877899
P(a28=nonn { diaporthe-stem-canker): 0.9632098107171421
P(a30=norm | diaporthe-stem-canker); 0.9724073580378565
P(a31=absent | diaporthe-stem-canker): 0.97880565182061796
P(a32=absent | diaporihe-stem-canker); 0.9773393761663556
P(a33=norm | diaporthe-stem-canker): 0.9798720341242335
P(a34=absent | diaporthe-stem-canker): 0.980805118635(3006
P(a35=norm | diaporthe-stem-canker): 0.9824046920821115

Base rate of the class: P{diaporthe-stem-canker): 0.20202020202020202

Class Name-diaporthe-stem-canker, [(Product of all Class conditional
Probability) * Base rate of the class]: 6.22666765708598E-19

Class conditional probabilities for class value = phytophthora-rot
P(al=july | phytophthora-rot): 0.15195947747267394
P(a2=normal | phytophthora-rot): 0.047054118961062623
P(a3=lt-norm | phytophthora-rot): 0.009730738469741403
Mad=norm | phytophthora-rot): 0.5497200746467609
P(a5=yes | phytophthora-rot}: 0.6942148760330579
P(a6=same-Ist-yr | phytophthora-rot): 0.29458810983737665
Pla7=upper-areas | phytophthora-rot): 0.0191948813064969343
P(aB=pot-severe | phytophthora-rot): 0.36097040789122903
P(a9=none | phytophthora-rot): 0.4950679818715009
P(a10=90-100 | phytophthora-rot): 0.3400426552919221
P{al1=abnorm | phytophthora-rot): 0.9390829112236736
P(a12=abnorm | phytophthora-rot): 6.989736(0703812317
P(al3=absent | phytophthora-rot): (.93841642228739
P(ald4=dna | phytophthora-rot): 0.93841642228739

P(al5=dna | phytophthora-rot); 0.93841642228739
P(al6=absent | phytophthora-rot): 0.9738736336976805
P(al7=absent | phytophthora-rot): 0.9828045854438816
P(al8=absent | phytophthora-rat): 0.9802719274860037
Pal9=abnorm | phytophthora-rot): 0.9584110903758998
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P(a20=yes | phytophthora-rot): 0.8873633697680618
P{a21=absent | phytophthora-rot): 0.05038656358304452
P(a22=tan | phytophthora-rot): 0.008531058384430818
P{a23=absent | phytophthora-rot): 0.9720074646760863
P(a24=absent | phytophthora-rot): 0.7024793388429752
P(a25=absent | phytophthora-rot): 0.9941348973607038
P(a26=hlack | phytophthora-rot): 0.002532657957877899
P(a27=present | phytophthora-rot): 0.002532657957877899
P(a28=norm | phytophthora-rot): 0.05411890162623301
P(a30=norm | phytophthora-rot): 0.9724073580378565
P{a3 [=absent | phytophthora-rot): 0.9788056518261796
P{a32=absent | phylophthora-rot): 0.9773393761663556
P(a33=norm | phytophthora-rot): 0.9798720341242335
P{a34=absent | phytophthora-rot): 0.9808051186350306
P(a35=norm | phytophthora-rot): 0.9824046920821115

Basc rate of the class: P(phytophthora-rot): 0.20202020202020202

Class Name- phytophthora-rot, [{Product of all Class conditional
Probability)*Base rate of the elass): 1.0049689552270597L-19

Class conditional probabilities for class value = rhizoctonia-root-rot
P{al=july | rhizoctonia-root-rot): 0.061050386563583046
P{a2=normal | thizoctonia-root-rot): 0.13796320981071714
P{a3=lt-norm | rhizoctonia-root-rot): 0.009730738469741403
P(ad=norm | rhizoctonia-root-rot): 0.04972007464676086
P{a5=yes | rhizoctonia-root-rot): 0.8760330578512397
P{ab=same-Ist-yr | rhizoclonia-root-rot): 0.24913356438283124
P{a7=upper-areas | thizoctonia-root-rot): 0.019194881364969343
P(a8=pot-severe | rhizocloma-root-rot): 0.45187949880031997
P(a9=nane | rhizoctonia-root-rot): 0.7677952545987736
P{a10=90-100 | rhizoctonia-root-rot): 0.021860837110103972
P{al =abnorm | rhizoctonia-root-rot): 0.9390829112236736
P(al2=abnorm | rhtzoctonia-root-rot): 0.12609970674486803
P(a13=absent | rhizoclonia-root-rot): 0.93841642228739
P{al4=dna | rhizoctonia-root-rot): 0.93841642228739
P(al5=dna! rhizoctonia-root-rot): 0.93841642228739
P(al6=absent | rhizoctonia-root-rot): 0.9738736336976805
P(al7=ahsent | rhizoctonia-root-rot): 0.9828045854438816
P{al8=absent | rhizoctonia-root-rot); 0.9802719274860037
P(al9=abnorm | rhizoctonia-root-rot); 0.9584110903758998
P{a20=yes | rhizoctonia-root-rat): 0.8873633697680618

P(a2 1=absent | rhizoctonia-root-rot): 0.05038656358304452
P(a22=tan | rhizoctonia-root-rot): 0.008531058384430818
P(a23=absent | rhizoctonia-root-rot): 0.9720074646760863
P{a24=absent | rhizoctonia-root-rot): 0.06611570247933884
P(a25=uabsent | rhizoctonia-root-rot): 0.7214076246334311
P(a26=black | rhizoctonia-root-rot): .002532657957877899
P{a27=present | rhizoctonia-root-rot): 0.002532657957877899
P{a28=norm | rhizoctonia-root-rot): 0.05411890162623301
P(a30=norm | rhizoctonia-root-rot): 0.9724073580378565

P(ald t=absent | riuzoctonia-root-rot): 0.9788056518261796
P{a32=absent | rhizoctonia-root-rot); 0.9773393761663556
P(a33=norm | rhizoctonia-root-rot): 0.9708720341242335
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P{a34=absent | thizoctonia-root-rot): .98080511863503006
P(a35=norm | rhizoctonia-root-rot): 0.936950146627566

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

Class Name- rhizoctonia-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:

i .
= arg]‘naxf'l'u.\‘.rrrffirr:r-e C P(C = Cl' )I—[ P(At :aﬁ | C - cr)

J=l
While calculating class conditional probabilities we used m-estimation (m=2)
technique [3].The 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:

Tabie 3.5: Class probabilities of example-1: Table shows the product of
all class conditional Probability and base rate of each class value

n the subsei for local NB.

Class Name : [(Product of all Class conditional
Probability)*Base rate of the class]
1. charcoal-rot 7.193591316202711E-6
2. brown-stem-rot 6.2278781401108041:-13
3. diaporthe-stem-canker 6.22666765708598E-19
4, phytophthora-rot 1.0049689552270597E-19
5. rhizoclonia-root-rot 1.1835998866976362E-23

Class value “charcoal-rot” 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 “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
abbreviated name of the attribute. Second column gives the

corresponding values of each attribute in the example.

Attribute Attribute values in the
Name example

al augrust

a2 It-normal

43 gt-norm

ad ot-narm

a5 no

ab same-ist-yr
07 low-areas

HES pol-severe

a9 none

al0) 90-100

all norm

ul2 abnorm

all absent

ald dna

als dna

alo absent

al’ absent

al8 absent

al9 abnorm

a2() 10

a2 above-sec-nde
a22 dk-brown-blk
423 Present

a24 firm-and-dry
a25 Absent

220 None

a27 Absent

a28 Diseased

229 brown-w/blk-specks
a30) Abnorm

all Present

a32 Absent

a33 1t-norm
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Continuation of Table 3.6:

Attribute Attribute values in the
Name cxample

234 Absent

a3s Norm

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

Choose subset from 682 examples excluding this example (Total examplé n
training set: 683) '

Total examples in the subsef: 56.0

Total class categories in this subset: 4
We apply a local Naive Bayes’ on this subset of 56 examples.

Attributes for local Naive 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. [irst column of the
table gives the abbreviated name of the attribute. Second

column gives the corresponding values of each attribute in the

example.
Afttribute Attribute values in the
Name example
al August
a2 It-normal
a3 ¢gE-nort
ad sl-noTm
a5 No
a6 same-Ist-yr
a/ low-areas
al pot-severe
a9 None
ail 90-100
all Norm
al2 Abnorm
il 3 Absent
ald Dna
als Dna
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Continuation of Table 3.7:

Attribute Attribute values in the
Name example

alo Absent

al7 Absent

als Absent

al9 Abnorm

220 No

azl above-sec-nde
a22 dk-brown-blk
a23 Present

a24 firm-and-dry
a25 Absent

a26 None

a7 Absent

a28 - [Diseased

a30 Abnorm

aldl Present

032 Absent

a33 It-norm

al34 Absent

a3s Norm

The elass names in the subset are: (anthracnose, brown-spot, diaporthe-pod-
&-stem-blight, rog-eye-leaf-spot ).

1

We calculate the class conditional probabilities for class value “anthracnose™.
These are as follows:

Class conditional prebabilities for class value = anthracnose
P(al=august | anthracnose): .1636213249116475
P({a2=lt-normal | anthracnose): .5604180765471087
P(a3=gt-norm | anthracnose): 0.9831566283179186
P(ad=gtl-norm | anthracnose): (.24565756823821341
P{a5=no | anthracnose): 0.24024362734040156
P(a6=same-ist-yr | anthracnose): 0.2943830363185202
P(a7=low-areas | anthracnose): 0.29904504098052487
P{u8=pot-severe | anthracnose): 0.7164448454771035
P(a9=none | anthracnose): 0.48439732310700057
P(a10=90-100 | anthracnose): 0.32002406195954586
P(all=norm | anthracnose}: 0.8023159636062862
P(al2=abnorm | anthracnose): 0.3788254755996691
P(al3=absent | anthracnose}: 0.9652605459057072
P(ald4=dna | anthracnose): 0.9652605459057072
P(al5=dna | anthracnose): 0.9652605459057072
Palo=absent | anthracnose); 0.9852620497781788
P(al7=absent | anthracnose): 0.990300022558087
P(al8=absent | anthracnose): 0.9888713437100534
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P{a19=abnor | anthracnose): 0.9765395894428152
P(a20=no | anthracnose): 0.1056470411309121

P(a2 t=above-sec-nde | anthracnose): 0.9630047371982855
P(a22=dk-brown-blk { anthracnose): 0.8081058726220016
P(a23=present | anthracnose): 0.7513346868185579
P(a24=firm-and-dry | anthracnose): 0.3434092788931498
P(a25=absent | anthracnose); 0.9966914805624483
P(a26=none | anthracnose): 0.99233025039476065
P{a27=absent | anthracnose); 0.9956387698323181
P{a28=diseased | anthracnose): 0.95841792615%98617
P(a30=abnorm | anthiracnose): 0.5470336115497405
P(a31=present | anthracnose): 0.5177832919768404
P(a32=absent | anthracnose): 0.884652981427175
P(a33=lt-norm | anthracnose): 0.46589969170614337
P(a34=absent | anthracnose): 0.5019926310248891
P(a35=norm } anthracnose): 0.9900744416873448

Base rate of the class: P(anthracnose): 0.6607142857142857

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

Class conditional probabilities for class value = brown-spot

P(al=august | brown-spot): 0.3453079178885631
P(a2=lt-normal | brown-spot): 0.4640762463343109
P(a3=gt-norm | brown-spot): 0.5857771260997067
P{ad=gt-norm | brown-spot): 0.3951612903225806
P(a5=no | brown-spot): 0.342375366568915
P(ab=same-Ist-yr | brown-spot): 0.6202346041055719
P(a7=low-areas | brown-spot): 0.41568914056011727
P{a8=pot-severe | brown-spot): 0.48533724340175954
P(a9=none | brown-spot): 0.22287390029325513
P(a10=90-100 | brown-spot): 0.12023460410557185
P(al1=nomm | brown-spot): 0.8225806451612903
P(al2=abnorm | brown-spot): 0.9435483870967742
P(al3=absent | brown-spot): 0.16129032258004516
P(ald=dna | brown-spot}: 0.161290322580064516
P(at5=dna | brown-spot): 0.16129032258064516
P(alG=absent | brown-spot): 0.8563049853372434
P(al7=absent | brown-spot): 0.905425219941349
P(al8=absent | brown-spot): 0.8914956011730205
P(a19=abnorm | brown-spot): 0.7712609970674487
P(a20=no | brown-spot): 0.030058651026392903
P(a2i=above-sec-nde | brown-spot}: 0.6392961876832844
P(a22=dk-brown-blk | brown-spot): 0.12903225806451613
P{a23=present | brown-spot): (.3255131964809384
P(a24=fimm-and-dry | brown-spot): 0.09824046920821114
P{a25=absent | brown-spot): 0.967741935483871
P(a26=none | brown-spot): 1.9252199413489737
P{a27=absent | brown-spot): 0.9574780058651027
P{a28=diseased | brown-spot): 0.594574780058051
P(a30=abnorm | brown-spot): 0.08357771260997067
P(a31=present | brown-spot): 0.04838709677419355

38



Chapter Three: Proposed algorithm

P(a32=absent | brown-spot): 0.875366568914956
P(a33=lt-norm | brown-spot): 0.04252199413489736
P(a34=absent | brown-spot): 0.8944281524926686
P({a35=norm | brown-spot): 0.9032258064516129

Base rate of the class: P{brown-spot): (.03571428571428571

Class Name-brown-spot, [{Product of all Class conditional Probability)*Base rate of
the class]: 1.297799389031491E-17

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

P(al=august | diaporthe-pod-&-stem-blight); 0.022425392444367778
P(a2=It-normal | diaporihe-pod-&-stem-blight): 0.1680179403139555
P(ad=gi-norm | diaporthe-pod-&-stem-blight): 0.8437122649646368
P(ad=gt-norm | diaporthe-pod-&-stem-blight): 0.9165085388994307
P(aS=no | diaporthe-pod-&-stem-blight): 0.02173538036915646
P(ab=same-Ist-yr | diaporthe-pod-&-stem-blight): 0.2047610833189581
P(a7=low-areas | diaporthe-pod-&-stem-blight): 0.038985682249439366
P(a8=pot-severe | diaparthe-pod-&-stem-blight): 0.055373469035708126
P{a9=none | diaporthe-pod-&-stem-blight); 0.05244091771606003
P{a10=90-100 | diaporthe-pod-&-stem-blight); 0.3224081421424875
P(all=norm | diaporthe-pod-&-stem-blight): 0.9582542694497154
P(a12=abnorm | diaporthe-pod-&-stem-blight): 0.10436432637571158
P{al3=absent | diaporthe-pod-&-siem-blight): 0.03795066413662239
P{al4=dna | diaporthe-pod-&-stem-blight): 0.03795066413662239
P(al5=dna | diaporthe-pod-&-stem-blight}: 0.03795066413662239
P(al6=absent | diaporthe-pod-&-stem-blight}); 0.08383646713817493
P{al7=absent | diaporthe-pod-&-stem-blight): 0.09539416939796445
P(al8=absent | diaporthe-pod-&-stem-blight): 0.09211661204071071
P{al9=abnorm | diaporthe-pod-&-stem-blight): 0.9461790581335173
P(a20=no | diaporthe-pod-&-stem-blight): 0.007072623770915991
P(a21=above-sec-nde | chaporthe-pod-&-stem-blight): 0.03277557357253752
P(a22=dk-brown-blk | diaporthe-pod-&-stem-blight}: 0.030360531309297913
P(a23=present | diaporthe-pod-&-stem-blight): 3.900120752113162
Pl{a24=fm-and-dry | diaporthe-pod-&-stem-blight): 0.02311546451957909
P{a25=absent | diaporthe-pod-&-stem-blight): 0.9924008671726755
P(a26=none | diaporthe-pod-&-stem-blight): 0.9824046920821115
P(a27=absent | diaporthe-pod-&-stem-blight): 0.9899948249094359
P(a28=diseased | diaporthe-pod-&-stem-blight): 0.9046058306020355
P(a30=abnorm | diaporthe-pod-&-stem-blight): 0.725547697084699
P(a31=present | diaporthe-pod-&-stem-blight): 0.8937381404174572
P(a32=absent | diaporthe-pod-&-stem-blight): 0.08832154562704847
P(a33=1t-norm | diaporthe-pod-&-stem-blight): 0.8923581162670347
P{a34=absent | diaporthe-pod-&-stem-blight): 0.09280662411592203
P{a35=norm | diaporthe-pod-&-stem-blight): 0.09487666034155597

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

Class Name-diaporthe-pod-&-stem-blight, [(Product of all Class conditional
Probability)*Base rate of the class]: 2.779210691887117E-29

39



Chapter Three: Proposed algorithm
Class conditional probabilities for class value = frog-eye-leaf-spot

P(al=august | frog-eye-leaf-spot): 0.09530791788856305
P(a2=ll-normal | frog-eye-leal-spot): 0.21407624633431085
P(a3=gt-norm | frog-eye-leat-spot): 0.3357771260997067
P{ad=gt-norm | {rog-eye-leaf-spot): 0.64516129032258006
P(a5=no | frog-eye-leaf-spot): 0.09237536656891496
P{ab=same-Ist-yr | frop-eye-leaf-spot): 0.12023460410557185
P{a7=low-areas | frog-eye-leaf-spot): 0.1656891495601173
P(a8=pot-severe | frog-eye-leaf-spot): 0.23533724340175954
P{a9=none | frog-eye-leaf-spot): 0.47287390029325516
P(a10=590-100 | frog-eye-leaf-spot): 0.6202346041055719
P{al I=norm | frog-eye-leaf-spot): 0.8225806451612903
P(a12=abnorm | frog-eye-leai-spot): 0.9435483870967742
P{al3=absent | frog-eye-leaf-spot): 0.16129032258064516
P(aild=dna | frog-eye-leaf-spot): 0.16129032258064516
P(al5=dna | frog-eye-leaf-spot): 0.16129032258064516
P(al6=absent | frog-eye-leaf-spot): 0.8563049853372434
P(al7=absent | frog-eye-leaf-spot): 0.905425219941349
P{al8=absent | {rog-eye-leaf-spot): 0.8914956011730205
P{al9=abnorm | frog-eye-leaf-spot); 0.7712609970674487
P{a20=no | frog-eye-leat-spot): 0.030058651026392963

P(a2 1=above-sec-nde | frog-cye-leaf-spot); 0.6392961876832844
P(a22=dk-brown-blk | frog-eye-leaf-spot): 0.6290322580645161
P(a23=present | frog-eye-leaf-spot): 0.5755131964809385
P(a24=firm-and-dry | frog-eye-leal-spot): (.34824046920821117
P(a25=absent | frog-eye-leaf-spot): 0.967741935483871
P{a26=none | [rog-eye-leaf-spot): 0.9252199413489737
P(a27=absent | frog-eye-leaf-spot): 0.9574780058651027
’(a28=diseased | frog-cye-leaf-spot); 0.594574780058651
P(a30=abnorm | frog-eye-leaf-spot): 0.5835777126099707
P(a31=present | frog-eye-leal-spot): 0.04838709677419355
P(a32=absent | frog-eye-leaf-spot}: 0.625366568914956
P{a33=lt-norm | frog-eye-leaf-spot): 0.2925219941348974
P{a34=absent| frog-eye-leaf-spot): 0.6444281524926686
Ma35=norm | lrog-eye-leaf-spot): 0.9032258064516129

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

Class Name-frog-eye-leaf-spot, [{Product of all Class cenditional Probability)*Base
rate of the class]: 1.2924416993490396E-16

According to NB the 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 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

n the subset for local NB.

Class Name [(Preduct of all Class conditional
Probability)*Base rate of the class]
1. anthracnose 1.0282986214162714E-8
2. frop-eye-leaf-spot 1.2924416993490396E-16
3. brown-spot 1.297799389031491E-17
4. diaporthe-pod-&-stem- 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
“anthracnosc”. .

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 first iteration 1s 6.73%.

Second iteration{A29,434),

Classitying Example-1 described in table 3.3:

In second ileration next available highest dependency atiribute 15 “A34”. We
lake attribute “A34” and it is And-ed with first iteration attribute “A29”. Now
selection criterion contains these two attributes only. We again apply leave-one-
out cross validation for second iteration rule, '
While classifying the 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:  Atribute and its value in example-1 (Table 3.3) used for

selection criteria:

Attribute Attribute values
Name
a29 Dna
al4 Absent
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We choose subset of examples from 682 examples (Total examples: 683-First
examples ) based on this selection criteria. Then local NB is applied on this
subset. In local NB only attributes (A1-A28 and A30-A33, A35) are considered.
We calculate the class conditional probabilities for NB and classify the first
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, but

atiributes for local NB become one less than that of first iteration,

Class conditional probabilitics for class value = brown-stem-rot
P(at=july | hrown-stem-rot): 0.24286856838176485
P(a2=normal | brown-stem-rot): 0.45614502799253537
P(a3=lt-norm | brown-stem-rot): 0.5097307384697414
P(ad=norm | brown-stem-rot): 0.36790189282857905
P(a5=yes | brown-stem-rot): 0.5578512396694215
P(ab=same-Ist-yr | brown-stem-rot): 0.11276992801919489
P(a7=upper-areas | brown-stem-rot): 0.29192215409224204
P(a8=pot-severe | brown-stem-rot): 0.6336976806185017
P(a9=none | brown-stem-rot): 0.4950679818715009
P(a10=90-100 | brown-stem-rot): 0.3400426552919221
P{all=abnorm | brown-stem-rot}: 0.9390829112236736
P(al2=abuorm | brown-stem-rot}: 0.5351906158357771
P(al3=absent | brown-stem-rot): 0.5293255131964809
P(al4=dna | brown-stem-rot): 0.5293255131964809
P(al5=dna | brown-stem-rot}: 0.5293255131964809
P(al6=absent | brown-stem-rot): 0.9738736336976805
P(al7=absent | brown-stem-rot}: 0.9828045854438816
P(a18=absent | brown-stent-rot): 0.9802719274860037
P(a19=abnorm | brown-stem-rot); 0.9584110903758998
P(a20=yes | brown-stem-rot): 0.2509997334044255

P(a2 I=absent | brown-stem-rot): 0.9594774726739536
P(a22=tan | brown-stem-rot): 0.9176219674753399
P(a23=absent | brown-stem-rot): 0.9720074646760863
P(a24=absent | brown-stem-rot): 0.9752066115702479
P(a25=absent | brown-stem-rot): 0.9941348973607038
P(a26=black | brown-stem-rot): 0.002532657957877899 -
P{a27=present | brown-stem-rot): 0.002532657957877899
P{a28=norm | brown-stem-rot); 0.9632098107171421
P(a30=norm | brown-stem-rot): 0.9724073580378565
P(a31=absent } brown-stem-rot): 0.9788056518261796
P(a32=absent | brown-stem-rot): 0.9773393761663556
P{a33=norm | brown-stem-rot): 0.9798720341242335
P{a33=norm { brown-stem-rot): 3.9824046920821115

P(brown-stem-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

Class conditional probabilities for class value = charcoal-rot
P(al=july | charcoal-rot): 0.11157659544756318
P{a2=normal | charcoal-rot}: 0.9540566959921799
P{a3=It-norm | charcoal-rot): 0.9149560117302052
P(ad=norm | charcoal-rot): 0.24256388772517803
P(a5=yes | charcoal-rot): 0.44155844155844154
P(a6=same-Ist-yr | charcoai-rot): 0.21337801982963273
P(a7=upper-areas | charcoal-rot): 0.44868035190615835
P{a8=pot-severe | charcoal-rot}: 0.9495880463622399
P(a9=none | charcoal-rot}: 0.471023600055858]1
P{a10=90-10(} | charcoal-rot): .26099706744868034
P{all=abnorm | charcoal-rot): 0.9361820974724201
P{a12=abnorin | charcoal-rot); 0.989247311827957
P(al3=absent | charcoal-rot): 1.935483870967742
P{ald=dna | charcoal-rot}): 0.935483870967742
P{al5=dna | charcoal-rot): 0.935483870967742
P(alo=absent | charcoal-rot); .9726295210166178
P{al7=absent | charcoal-rot); 0.9819857561793046
P{al18=absent | charcoal-rot}): (:.9793324954615277
P(al9=abnarm [ charcoal-rot): 0.95643006661080855
P(a20=yes | charcoal-rot): (.8343806730903505
[*(a21=absent | charcoal-rot): .9575478285155704
P{a22=tan | charcoal-rot}. 0.91369920402178406
P(a23=absent | charcoal-rot): 0.9706744868035191
P{a24=absent | charcoal-rot): 1.974025974025974
P(a25=absent | charcoal-rot): 0.9938556067588326
P(a26=Dblack | charcoal-rot); 0.9074151654796816
P(a27=present | charcoal-rot): 0.9074151654796816
P(a28=norm | charcoal-rot): 0.961457896941768
P(a30=norm | charcoal-rot): 0.9710934227063259
P{a31=absent | charcoat-rot): 0.9777963971512359
P(a32=absent | charcoal-rot): 0.976260298840944
P(a33=norm | charcoal-rot): (.9789135595587208
P(a35=norm |charcoal-rot): 0.9815668202764977
Mcharcoal-rot): 0.1919191919191919

Class Naime: charcoal-rot, [(Product of all Class conditional Probability)*Base rate of
the class]: 7.341215250866129E-6

Class conditional probabilities for class value = diaporthe-stem-canker
Plal=july | diaporthe-stem-canker): 0.242868568381706485
P(a2=normal | diaporthe-stem-canker}): 0.9561450279925353
P{a3=lt-norm | diaporthe-stem-canker): 0.009730738469741403
P{ad=norm | diaporthe-stem-canker): 0.9588109837376699
P(a5=yes | diaporthe-stem-canker): 0.9214876033057852
P{a6=samme-Ist-yr | diaporthe-stem-canker): 0.29458810983737605
P(a7=upper-areas | diaporthe-stem-canker}): 0.019194881364969343
P(a8=pot-severe | diaporthe-stem-canker): 0.67915222060730471
P(a9=none | diaporthe-stem-canker): 0.5405225273260463
P(al0=90-100 | diaporthe-stem-canker): 0.15822447347374033
P(al I=abnorm | diaporthe-stem-canker): 0.93908291122367306
P(al2=abnorm | diaporthe-stem-canker): 0.9897360703812317
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P(al3=absent | diaporthe-stem-canker): (.93841642228739
P(ald=dna | diaporthe-stem-canker): .93841642228739%
P(al5=dna | diaporthe-stem-canker): 0.93841642228739
P(al6=absent | diaporthe-stem-canker); 0.9738736336976805
P(al7=absent | diaporthe-stem-canker): 0.9828045854438816
P(al8=absent | diaporthe-stem-canker): (.9802719274860037
P(al9=abnorm | diaporthe-stem-canker): 0.9584110903758%98
P(a20=yes | diaporthe-stem-canker): (.70554518794988
P(a21=absent | diaporthe-siem-canker): .05038656358304452
P(a22=tan | diaporthe-stem-canker): 0.008531058384430818
P(a23=absent | diaporthe-stem-canker): 0.0629165555851773
P{a24=absent | diaporthe-stem-canker): 0.06611570247933884
P(a25=absent | diaporthe-stem-canker): 0.9941348973607038
P(a26=black | diaporthe-stem-canker): 0.002532657957877899
P(a27=present | diaporthe-stem-canker): 0.002532657957877899
P(a28=norm | diaporthe-stem-canker): 0.9632098107171421
P{a30=nomm | diaporthe-stem-canker): 0.97240735803785635
P(ali=absent | diaporthe-stem-canker): 0.9788056518261796
P{a32=absent | diaporihe-stem-canker): 0.9773393761663556
P(a33=norm | diaporthe-stem-canker): 0.9798720341242335
P(a35=norm | diaporthe-stem-canker): 0.9824046920821115
P{diaporthe-stem-canker); 0.20202020202020202

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

Class conditional probabilities for class value = phytophthora-rot

P(al=quly | phytophthora-rot): 0.15195947747267394
P{a2=normal | phytophthora-rot}: 0.04705411890162623
P(a3=lt-norm | phytophthora-rot); 0.009730738469741403
P(ad4=norm | phytophthora-rot): 0.5497200746467609
P(a5=yes | phytophthora-rot): 0.6942148760330579
P(ag=same-lst-yr | phytophthora-rot): 0.294588109837376065
P{a7=upper-areas | phytophthora-rot): 0.019194881364969343
P{a8=pot-severe | phytophthora-rot): 0.36097040789122903
P{a9=none | phytophthora-rot): 0.4950679818715009
P{a10=90-100 | phytophthora-rot); 0.3400426552919221
P(alt=abnorm | phytophthora-rot): 0.9390829112236736
P(al2=abnorm | phytophthora-rot): 0.9897360703812317
P(a13=absent | phytophthora-rot): 0.93841642228739
P{ald=dna | phytophthora-rot): 0.93841642228739%
P(a15=dna | phytophthora-rot): 0.93841642228739
P{al6=absent | phytophthora-rot): 0.9738736336976805
[*(a17=absent | phytophthora-rot): 0.9828045854438816
P{al8=absent | phytophthora-rot): 0.9802719274860037
P{al9=abnorm | phytophthora-rot): 0.9584110903758998
P(a20=yes | phytophthora-rot): 0.8873633697680618
P(a21=absent | phytophthora-rot): 0.05038656358304452
P(a22=tan | phytophthora-rot): .008531058354430818
P{a23=absent | phytophthora-rot): 0.97200746467608063
P(a24=absent | phytophihora-rot): 0.7024793388429752
P(a25=absent | phytophthora-rot): 0.9941348973607038
P{a26=black | phytophthora-rot): 0.002532657957877899
P(a27=present | phytophthora-rot): 0.002532657957877899
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P(a28=norm | phytophthora-rot): 0.054118%0162623301
P{a30=norm | phytophthora-rot): 0.9724073580378565
P(a31=absent | phytophthora-rot): 0.9788056518261796
P(a32=absent | phytophthora-rot): 0.9773393761663556
P{a33=norm | phytophthora-rot): 0.9798720341242335
P(a35=norm | phytophthora-rot): 0.9824046920821115
P(phytophthora-rot): 0.20202020202020202

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

Class conditional probabilities for class value = rhizoctonia-root-rot
P(al=july | rhizoctonia-root-rot): 0.061050386563583046
P(a2=nonnal | rhizoctonia-raot-rot); 0.13796320981071714
P{a3=it-norm | rhizoctonia-root-rot): 0.009730738469741403
P(ad=norm | thizoctonia-root-rot): 0.04972007464676086°
P(a5=yes | rhizoctonta-root-rot): 0.8760330578512397
P(ab=same-ist-yr { thizoctonia-root-rot): 0.24913356438283124
P(a7=upper-areas | rhizoctonia-root-rot): 0.019194881364969343
P{a8=pot-severe | rhizoctonia-root-rot); 0.45187949880031997
P(a9=ncne | rhizoctonia-root-rot): 0.7677952545987736
P(at0=90-100 | rhizoctonia-root-rot): 0.021860837110103972
P(al1=abnorm | rlnzoctonia-root-rot): 0.9390829112236736
Pal2=abnorm | rlnzoctonia-root-rot): 0.12609970674486803
P(al3=absent | rhizoctonia-root-rot): 0.93841642228739
P(al4=dna | rhizoctonia-root-rot): 0.93841642228739
P(al5=dna | rhizoctonia-root-rot): 0.93841642228739
P(al6=absent | rhizoctonia-root-rot): 0.9738736336976805
P(at7=absent | rhizoctonia-root-rot): 0.9828045854438816
P(al&=absent | rhizoctonia-root-rot): 0.9802719274860037
P{al9=abnorm | rhizoctonia-root-rot): 0.9584110903758998
P(a20=yes | rhizoctonia-root-rot): 0.8873633697680618
P(a21=absent | rhizoctonia-root-rot); 0.05038656358304452
P(a22=tan | rlnzoctonia-rooi-rot}: 0.008531058384430818
P(a23=absent | rhizoctonia-ract-rot): 0.9720074646760863
P(a24=absent | rhizoctonia-root-rot): 0.06611570247933884
P(a25=absent | rhizoctoma-root-rot): 0.7214076246334311
P(a26=black | rhizoctonia-root-rot): 0.002532657957877899
P(a27=present | rhizoctonia-root-rot}: 0.002532657957877899
P(a28=norm | rhizoctonia-root-rot): 0.05411890162623301
P{a30=normm | rhizoctonia-root-rot): 0.9724073580378565
P{a31=absent | rhizoctonia-root-rot): 0.9788056518261796
P(a32=absent | rhizoctonia-root-rot): 0.9773393761663556
P(a33=norm | rhizoctonia-root-rot): 0.9798720341242335
P(a33=norm | rhizoctonia-root-rot): 0.936950146627566
P(rhizoctonia-root-rot}: 0.20202020202020202

Class Name: rhizoctonia-root-rot, {(Product of all Class conditional Probability)*Base
rate of the class]: 1.2067635702644288E-23

In second iteration, Example-1 is classified as “charcoal-rot”.
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Classifying Example-2 described in Table 3.6:

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:

Fable 3.10:  Atiribute and its value in example-2 (Table 3.6} used for

selection criteria;

Attribute Attribute values
Name
029 brown-w/blk-specks
a34 absent

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

hased on this criteria. A local NB is applied on this subset. In local NB only
altributes (A1-A28 and A30-A33, A35) are considered. The calculation for local
NB is as follows.

Subset Total Examples: 21.0

Total class categories in subset; 3

Class conditional probabilities for class value = anthracnose

P(al=august | anthracnose): 0.2690615835777126
P(a2=It-normal | anthracnose): 0.5928152492668622
I*{a3=gt-norm | anthracnose): 0.9671554252199414
P(ad=gt-norm | anthracnose): 0.42903225806451617
P(a5=no | anthracnose): 0.41847507331378303
P(a6=same-Ist-yr | anthracnose): 0.37404692082111435
P(a7=low-areas | anthracnose): 0.38313782991202344
P(a8=pot-severe | anthiracnose): 0.597067448680352
P(a9=none | anthracnose): 0.44457478005865103
P(a10=90-100 j anthracnose): 0.27404692082111437
P(all=norm |anthracnose): 0.6645161290322581
P(al2=abnomm | anthracnose): 0.5887096774193549
P(al3=absent | anthracnose): 0.932258064516129
P(al4=dna | anthracnose): 1.932258064516129
P(al5=dna | anthracnose): 0.932258064516129
P(al6=absent | anthracnose): 0.9712609970674487
P(al7=absent | anthracnose): 0.9810850439882698
P(a18=absent | anthracnose): 0.9782991202346041
P(a19=abnonm | anthracnose): (0.9542521994134897
P(a20=no | anthracnose): 0.2060117302052786
P(a21=above-sec-nde | anthracnose): 0.92785923753606569
P(a22=dk-brown-blk | anthracnose): .7758064516129032
P{a23=present { anthracnose): (.6651026392961877
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P{a24=firmi-and-dry | anthracnose); 0.5196480938416422
P(a25=absent | anthracnose): 0.9935483870967742
P(aZ6=none | anthracnose): 0.9850439882697948
P(a27=absent | anthracnose): 1.9914956011730205
P(a28=diseased | anthracnose): 0.9189149560117302
P(a30=abnorm | anthracnose): 0.11671554252199415
P(a31=present | anthracnose): 0.10967741935483871
P(a32=absent | anthracnose): 0.8750733137829912
P(a33=lt-norm | anthracnose): 0.00850439882697947
P{a35=norm | anthracnose): 0.9806451612903226
P(anthracnose): (1.8571428571428571

Class Name: anthracnose, [(Product of all Class conditional Probability)*Base rate of
the class}: 2.979401270645784413-10

Class conditienal probabilitics for class value = brown-spot
PlaT=august | brown-spot): .3453079178885631
P(a2=H-normal | brown-spot): 0.4640762463343109
P(a3=gt-norm | brown-spot): 0.5857771260997067
P(ad=gt-norm | brown-spot): 0.3951612903225806
P(a5=no | brown-spot): 0.342375366508915
P{ab=same-Ist-yr | brown-spot}: 0.6202346041055719
P(a7=low-areas | brown-spot): 0.41568914956011727
P(a8=pot-severe | brown-spot): 0.458533724340175954
P{a9=none | brown-spot): 0.22287390029325513
P(a10=90-100 | brown-spot): 0.12023460410557185
P(all=norm | brown-spot): 0.8225806451612903
P{al2=abnorm | brown-spot}: 0.943548387(0967742
P{al3=absent | brown-spot): 0.16129032258064516
P{ald=dna | brown-spol): 0.16129032258064516
P(al5=dna | brown-spot); 0.16129032258064516
P{al6=absent | brown-spot): 0.8563049853372434
P(al7=absent | brown-spot): 0.905425219941349
P(al8=absent | brown-spat): 0.8914956(11730205
P(a19=abnorm | brown-spot): 0.7712609970674487
P{a20=no | brown-spot); 0.030058651026392963
P(a21=above-sec-nde | brown-spot): (.6392961876832844
P(a22=dk-brown-blk | brown-spot): 0.12903225806451613
P(a23=present | brown-spot): 0.3255131964809384
P(a24=firm-and-dry | brown-spot): 0.00824046920821114
P(a25=absent | brown-spot): 0.967741935483871
P(a26=none | brown-spot): 0.9252199413489737
P(a27=absent | brown-spot): .9574780058651027
P(a28=diseased | brown-spot): 0.594574 780058651
P(a30=abnorm | brown-spot): 0.08357771260997067
P(a3l=present | brown-spot): 0.04838709677419355
P(a32=absent | brown-spot): 0.875366568914956
P*(a33=lt-norm | brown-spot): 0.04252199413489736
P(a35=norm | brown-spot): 0.9032258064516129
P(brown-spot): (.09523809523809523

Class Name: brown-spot, [{Product of all Class conditional Probablhty)*Base rate of’
the class]: 3.86928604729826F-17
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Class conditional probabilitics for class value = frog-eye-leaf-spot
P(al=august | frog-eye-leaf-spot): 0.1270772238514174
P{a2=It-normal | frog-eye-leaf-spot): 0.2854349951124145
P(a3=pgt-norm | frog-eye-leaf-spot): .447702834799609
P{ad=gt-norm | frog-eye-leaf-spot): 0.5268817204301075
P(a5=no | frog-eye-leaf-spot): 0.12316715542521994
P(ab=same-Ist-yr | frog-eye-leaf-spot); 0.1603128054740958
P(a7=low-areas | frog-eye-leaf-spot): 0.22091880660801564
P(a8=pot-severe | frog-eye-leaf-spot): 0.31378299120234604
P(a9=none | frog-eye-leaf-spot): 0.6304985337243402
P(a10=00-100 | frog-eye-leaf-spot): 0.49364613880742914
P(all=norm | frog-eye-leaf-spot): 0.7634408602150538
P(al2=abnorm | frog-eye-leat-spot): 0.924731182795699 -
P(al3=absent | frog-eye-leat-spot): 0.215053763440806022
P(al4=dna | frog-eye-leaf-spot}; 0.21505376344086022
P(al5=dna | frog-eye-leal-spot): 0.21505376344086022
P(alG=absent | frog-eye-leaf-spot): 0.8084060471163245
P(al7=absent | frog-eye-leaf-spot): 0.8739002932551319
P(al8=absent | frog-eye-leaf-spot): 0.8553274682306939
P(al9=abnoinn | frog-eye-leaf-spot): 0.6950146627565982
P(a20=no | frog-eye-leaf-spot}); 0.04007820136852395
P(a21=above-sec-nde | frog-eye-leaf-spot): 0.5190615835777126
P(a22=dk-brown-blk | frog-eye-leaf-spot): 0.5053763440860215
P(a23=present | frog-eye-leaf-spot): 0.4340175953079179
P(a24=firm-and-dry | frog-eye-leaf-spot): 0.46432062561094817
P(a25=absent | frog-eye-leal-spot); 0.956989247311828
P(a26=none | frog-eye-leaf-spot): 0.9002932551319649
P(a27=absent | frog-eye-leaf-spot): 0.9433040078201369
P(a28=diseased | frog-eye-leaf-spot): 0.45943304007820135
P(a30=abnorm | frog-eye-leal-spot): 0.4447702834799609
P(a31=present | frog-eye-leaf-spot): 0.06451612903225806
P(a32=absent | frog-eye-leaf-spot}): 0.83382209 18866079
P{a33=lt-norm | frog-eye-leaf-spot): 0.056695992179863146
P(a35=norm | frog-eye-leaf-spot): 0.8709677419354838
P{frog-eye-leaf-spot): 0.047619047619047616

- Class Name: frog-eye-leal-spot, [(Product of all Class conditional Probability)*Base
rate of the class]: 4.784076844425185E-16

Thus the second 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 error rate for second

iteration is 7.03 %,.

Thivd iteration(A29,434,420),

In third iteration, the next available highest dependency attribute is “A20”. This
attribute is And-ed with the second iteration rule. Leave-One-out procedure 1s
applied on 683 examples again for thied iteration rule and error rate is

caleulated. This rule generation 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 ileration’s
. rules which has the lowest error rate. The test examples are 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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Inter dependent atiribines

Figure 3.4:  Error rate vs interdependent attributes, Horizontal axis gives
the attributes name and the vertical axis gives the

corresponding eirvor raic,

From the chart it is seen that attribute “A29™ has the lowest error rate among ali
iteration rule. Thus we find the best rule with lowest error rate. The atlributes in

the rule 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,
altribute 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 the classification
of these 101 instances, calculation for class conditional probabilities in local

NB, class absolute probabilities, and other calculation 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, atl‘ributé dependency,
dependency chart, error rate chart of each domain. Section 4.2 gives the detail
description of experimental result of House Vote dataset. In section 4.3, we state
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 arc
taken from UCI machine leamning repository. Cross validation method is used to
test the performance the algorithui. The Table 4.1 gives a brief description of

cach domain.
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Table 4.1:  Description of the learning domains used in experimental
study.
Domain Name | Size No of * Numeric Nominal
Classes Attribute Attribute
House Votel 984 435 2 0 16
Soybean 683 19 0 - 35
Postoperative Patient | 90 3 1 7
Zoology 101 7 1 16
Lymphography 148 4 3 15
Iris Plants 150 3 4 0
Tic-Tac-Toe 958 2 0 - 9
Endgame

4.2 1984 US Congressional Voting Records Dataset

This data set includes votes for each of the U.S. House of Rcﬁresentalives
Congressmen on the 16 key issues identified by the CQA (Congressional
Quarterty  Almanac, 98th Congress, 2nd session 1984, Volume XL:
Congressional Quarterly Inc. Washington, D.C., 1985). 1i'is used in many
classification problems 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 simplified to
nay), voted present, voted present to avoid conflict of interest, and did not vote
or otherwise make a position known (these three Simpliﬁe:{ 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

1ton

Values: Denoted by . The attributes are (0:handicapped-infants, 1:water-
project-cost-sharing,  2:adoption-of-the-budget-resolution,  3:physician-fee-
freeze, 4:el-salvador-aid, 5:religious-groups-in-schools, 6:anti-satellite-tesi-ban,
7:aid-to-nicaraguan-contras, 8:mx-missile, immigration, 9:synfuels-corporation-
cutback, 10:education-spending, 11:superfund-right-to-sue, 12:crime, 13:duty-
free-exports, 14:export-administration-act-south-africa, 15:Class Name.).Class

Distribution: (2 classes, 1. 45.2 percent are democrat, 2. 54.8 percent are

republican).
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Table 4.2:  Distinct values of attributes of House vote data set. Total of 16
attributes exist in the domain. Some attributes have missing
value in the examples. This is denoted by “?”. This means a
particular example has no value for this attribute.

AGAT |AZ A3 |A4 |AS |A6 |AT |AB |A9 [AID|ATL [A12 [AI3 |AL4 |ALS |Class

KA LR A N A A ¢ A ¢ FNN ¢ CA r L A I Democrat

N n n it nm o o |n n 1 n 1 n Republican

N A N AU AN A A A A A 2 N AN ) AN A

Table 4.3:  Attribute dependency table of House 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(0-

Name 16)

| A4 0.17249619482437073 4

A3 0.16296937573274278 3

AT 0.1596495597698321 7

Class 0.148972935732682064 16

A8 0.1369207415643222 8

A2 0.13662775565645163 2

Ab 0.1270902830081607 6

All (0.12541166609534252 11

Al3 (0.12352366436665933 13

Al2 0.11508408668833203 12

AS 0.09454851584131857 5

Al4 0.09039489093145354 14

A0 0.055573560215723024 0

Al5 0.026804360843675434 15

Al0 0.018194798990602442 10

Al 0.012575740784865919 1

A9 0.005102697188242126 0
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When Attribute dependency is plotted against attribute we get the graph:
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Figure 4.1:  Attribute dependency chart for House vote data set. Horizontal
axis denotes the attribute’s name and vertical axis denotes the

attributes dependencies.

Error rate is plotted against attribute set at each iteration. This is as follows:

10.000
9.000
8.000
7.000
6.000
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1.000
0.000

Error rate {%)

A4, A3 A4, A3, AT Ad4, A3, AT AB A4, A3, AT, AB,
A2

Interdependent attribute set

Figure 4.2:  Error rale vs interdependent atiribute set of House vote data
set. Horizontal axis gives the attributes 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-feé-frecze: 2 (y,n) -

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

Error Rate: 4.59 %

4.3 Postoperative Patient Dataset

The classification task of this database is to determine where patients in a
postoperative recovery area should be sent to next. Because hypothermia is a
significant concern after surgery [23]. The data set is widely used in many
classification problems in the past [23]. The attributes correspond roughly (o
body temperature measurements. The total number of instances is 90. The
atiributes are (

0: L-CORE-patient's internal temperature in C- [high (> 37), mid (>= 36 and <=
37), low (< 36)], 1: L-SURF -patient's surface temperature in C-fhigh (> 36.3),
mid (>= 36.5 and <= 35), low (< 35)], 2: 1.-02 -oxygen saturation in Y-
fexcellent (>= 98), good (>= 90 and < 98),fair (>= 80 and < 90), poor (< 80)],
3:L-BP -last measurement of blood pressure-[high (> 130/90), mid (<= 130/90
and >= 90/70), low (< 90/70)], 4: SURF-STBL -stability of patient's surface
temperature-[stable, mod-stable, unstable], 5: CORE-STBL-stability of patient's
core temperature-[stable, 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 senf to general hospital tloor].
Attrilnite 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 § attributes exist in the domain. Attribute with serial
no 7 has missing value in the examples. This 1s denoted by 7.
This means a particular example has no value for this attribute.
A0 |A1 (A2 A3 |A4 AS A6 A7 [Decision
high |highfexcellenthighjstable imod-stablemod-stable|05 (A
low jlow |[Good [low [unstable|stable stable 07 |l
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 § atiribute’s

dependencies are given in the table.

Attribute Dependency Attribute SI No(0-8)
Name

Al 0.015755493039959607 O
Al 0.012895888484226865 |
A2 0.011632866938200943 2
AQ 0.010849464197221156 0
Ad 0.009247226522661878 4
Al 0.009136369347329283 3
AT 0.008070034032456439 7
Decision 0.007263092298830586 &
AS 0.002839345223096981 5
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Attributes are plotted against the dependency and the following graph is

obtained.
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Figure 4.3:  Attribute dependency chant for Post aperative patient data set.
Horizontal axis denotes the attribute’s name and vertical axis

denotes the attributes dependencies.

We plot the error rate against attribute set at cach iteration. This graph is as

follows:
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Figurc 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

1. L-SURF (patient's surface temperature in C): high (> 36.5}, mid (>= 36.5 and
<= 35), low (< 35)

Error Rate: 26.67%

4.4 Iris Plﬁnts Dataset

This is perhaps the best known database to be found in the pattern recognition
literature. It is widely used in the past [5, 24] in classification and .pattern
recognition problems. Conceptual clustering system finds classes of the Iris
plants from 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 three
classes). Total number of altributes is 4 numeric, prédictive attributes and the
class. There is no missing value in the attributes. The attributes are (0. sepal
length in em, 1. sepal 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.

A0 |A1|A2|A3|Class

4.3 [2.01.0[0.1|Ins-setosa
4.4 1221110 .2]Iris-versic
4.5 [2.3]1.20.3Iris-virgin
4.0 |2.411.3/0.4
4.7 [2.51.4(0.5
4.8 12.61.5/0.6
4.9 2.7|1.6i1.0
5.0 2.81.7)1.1
51 2.9(1.91.2
52 [3.03.01.3
53 3133014
54 3.23.5(1.5
55 [3.33.001.6
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Continuation of Table 4.6:

Al |A1|A2|A3|Class
5.6 13.413.7)1.7
5.7 [3.5)3.8]t.8
5.8 [3.6(3.9]1.9
5.9 |3.7[4.012.0
6.0 {3.844.1[2.1
6.1 3.94.212.2
6.2 [4.04.312.3
6.3 [4.114.42.4
0.4 4.214.52.5
6.5 [4.44.6
6.6 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
7.6 5.6
7.7 5.7
7.9 5.8
5.9
6.0
0.1
6.3
6.4
6.6
6.7
6.9
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Table 4.7:  Attnibute dependency table of Iris plant 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 4 attribute’s dependencies are given in the

table. ) .

Attribute Dependency - Attribute Sl No(0-4)
Name '

Class 0.43787840862840843 4

A3 (.2514892348392349 ) 3

Al 0.18182307692307692 1

A2 0.17354088319088307 2

AQ 0.1734857142857143 0

Attribute dependency chart for this domain:

Attribute Dependency

“Attribute Name

Figure 4.5:

Altribute dependency chart for Iris plant data set. Horizontal

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

attributes dependencies.
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Error rate is plotted against attribute set at each iteration. This is as follows:
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10.000

0.000
A3 A3-A1 A3-A2

Interdependent attribute set

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 error rate.

Final rule contains the attribute:

3. petal width m cm

Error Rate: 4.60%
4.5 Tic-Tac-Toe Endgame Dataset

This database eﬁcodes the complete set of possible board configurations at the
end of tic-tac-toe games, where "x" is assumed 1o have played first. The target
concept is "win for x" (i.e., true when "x" has one of 8 possible ways to create a
"iliree-n-a-row"). The main problem is to find the target concept from a given
set of attribute values. The data set is widely used in many classification
problems in the past [17, 18]. Total number of instances is 958 (legal tic-tac-toe
endgame boards). Number of Attributes: 9, each corresponding to one tic-tac-toe
square. Altributes are (0. top-lefi-square, 1. top-middle-square, 2. top-right-
square, 3. middle-left-square, 4. middle-middle-square, 5. middle-right-square,
0. bottom-left-square, 7. Dbottom-middle-square, 8. bottom-right-square, 9.

(Class). Attributes values (x = player x has taken, ¢ = player o has taken, b =

01
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blank). Missing attribute values are none. Class Distribution: about 65.3% are

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

Distinct values of attributes of Tic-Tac-Toe Endgame data

set. Total of 9 attributes exist in the domain.

Table 4.8:

AQ |ATIA2IA3 |A4|ASIAGIAT|AB|Class

b bbb [b bbb b |negative

o o lo o 0 [positive
X |x [x X

Table 4.9:

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

First columm of the table gives the abbreviated name of the

attribute in the {raining data. Middle column gives the

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

dependencies are given in the table.

Attribute Name | Dependency Attribute S1 No(0-9)
Class 0.01188628333831695 9
A7 0.01017926989682871 7
A5 0.01017926989682871 5
Al 0.01017926989682871 1
A3 0.01017926989682871 3
A4 0.01003035537556346 4
Al 0.00883726960208207 0
A2 0.00883726960208207 2
AG 0.00883726960208206 6
A8 0.008837269602082006 8
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Attributes are plotted against dependency. The chart is as follows:

Eod Game
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Figure 4.7:  Attribute dependency chart for Tic-Tac-Toe Endgame data set.

Horizonlal axis denotes the attribute’s name and vertical axis

denotes the attributes dependencies.

The error rate 15 plotied against attribute set at each iteration. This is as follows:
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Figurc 4.8:

AT AT-AS A7-A3

AT-Ad

Interdependent attribute set

AT-AB

Error rate vs interdependent attribute set of Tic-Tac-Toe

Endgame set. Horizontal axis gives the attributes name and the

vertical axis gives the corresponding crror rate.

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

7. bottom-middle-square: {x,0,b}, 5. middle-right-square: {x,0,b}.

Error Rate: 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 aftribute. The data set 1s used in many classification algorithms in
the past [24]. Animal groups are denoted by the “Type”. The total number of
mstances 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
muassing value in the attributes. Attributes are (0. animal name, 1. hair, 2.
feathers, 3. eggs, 4. milk, 5. airbome, 6. aquatic, 7. predator, 8. toothed, 9.
backbone, 10. breathes, 11. venomous, 12. fins, 13. légs, 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.

‘ AQ
aardvark dove kiwi piranha slug
antelope duck ladybird pitviper sole
hass elephant lark platypus sparrow
bear flamingo leopard polecat squirrel
hoar flea lion pony starfish
huffalo frog lobster porpoise stingray
calf froitbat lynx puma swan
carp giraffe mink pussycat termite
catfish trirl mole raccoon toad
cavy gnat mongoose reindeer tortoise
cheetah roat moth rhea tuatara
chicken gorilla newt scorpion tuna
chub eull octopus seahorse vampire
clam haddock opossum seal vole
crab hamster oryx sealion vulture
crayfish hare oslrich seasnake wallaby
Crow hawk parakeet seawasp wasp
deer herring penguin skimmer wolf
doglish honeybee pheasant skua worm
dolphin housefly pike slowworm wren
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Continuation of Table 4.10: Distinct values of attributes of Zoology data set.

Al [A2 |A3 A4 |AS JA6 |AT JAS |AD JAI0 |ATT [Al12 [A13 A4 |AIS (A6 [Type
(alse |false [lalse flalse |ialse [fulse |falsc (false |faise [false |false [false [t [false |false [false |Amphibi-an
iruc firue jirue ftrue Jtrue ltive Jtrue Jtrue uue Jtrue Jirue tirue |2 Joue Jirue ftrue fhird
4 fish
5 insect
6 Invertebr-ate
I mammal
reptile
Table 4.11:  Attribute dependency table of Zoology data set. First column of

the table gives the abbreviated name of the attribute m the

training data. Middle column gives the dependency of each

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

table. .

Attribute Name Dependency Attribute 51 No(0-17)
Type 0.18098941362605506 17

Ad (.1628845285408043 4

AJ (.1521980874122(0325 3

Al3 00.15024333619341945 13

Al 0.14355816725982407 1

AS 0.13931424836080453 8

A0 0.08766731352919219 6

AlG 0.08463514317016013 16

A2 0.0807278857108441 2

AS 0.07841797653079857 5

AlQ 0.07747687891005263 10

A9 0.07290147146170568 9

Al4 0.06700200980508142 14

Al2 0.05907913797610531 12

A7 0.0507421376606038 7

AlS 0.018001307433701468 15

Al 0.015550424229140674 0

Al 0.013023980011462485 11
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Attribute’s dependency is ploited against the attribute. This is as follows:

 aveasonmisiorgec]
¥

Attribute depredency
** e AL AR OB T Y YT l

Attribute Name

Figure 4.9: Aftribute dependency chart for Zoology data set. Horizontal
axis denotes the attribute’s name and vertical axis denotes the
attributes dependencies.

Error rate is plotted against atiribute set at each iteration. This 1s as follows:

14.00 :
12.00 . 11 S
10.00 ' Ll} 88

8.00 I
- T 89—11
6.00 1,4.95V‘p.£{3] N

irrar g %5}

4.00
2.00

2.97.

0.00 i
Ad Ad-A3 Ad-ALY A4-Al Ad-AE Ad-AG Ad-ALDG AG-AD

Interdependent attribute sct
Figurce 4.10:  Error ratc vs interdependent attribute set of Zoology data set.
Horizontal axis gives the attributes and vertical axis gives the
corresponding error rate.
From the graph 1t is scen that the final rute with lowest error rate contains the
attribuies: 4. mitk !irue, 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.

Domain Name NB C4.5 | LAZYDT BSEJ | LBR | Proposed
. algorithm

House Vote 84 9.8 5.6 6.1 8.4 5.6 4.59
Soyhecan 9.2 8.5 10 8.2 5.9 6.7
iris 6.1 5.7 6.3 6.4) 6.3 4.6
Lymphography 16.1 | 21.9 19.5 18.2 16.1 16.1
Paostoperative 339 |30 37.8 339 339 26.67
Tic-Tac-Toc 306 | 137 145 21.8 13.5 23.9
Zoology 5.5 74 |7 4.0 5.5 2.97

I'rom the above table it 1s 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
the 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.
Here we mean “missing values in an aitribute for a particular exampie™ is that
the value for that attribute in a test example is unknown. In our algorithm, we
consider the missing value as a new type of value [11] for that atiribute. But
LBR ignores the missing values. As a result we obtain a larger error rate for
Soybean domain than that of LBR. On the other hand if we ignore the missing
values in attributes ke LBR we obtain a lower error rate than that of LBR for
Soybean domain. Here is a statistics for attributes which have missing value n

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

A3l 30 92

A30 29 92

A29 28 106

A28 27 84

A20 19 121

A23 22 106

A5 4 121

Al4 13 84

If we ignore the missing 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 tbe table.

Aftribute | Attribute dependency Attribute Sl No(0-34)

Name (Missing values ignored)

a35 0.1440850968859877 34

a34 0.14189621243796083 33

a3l 0.14047519075425213 32

a32 0.12934624799682215 31

a28 0.127825196717452 27

a20 0.12715293961381277 19

al7 0.12452822484703598 16

a30 0.12326844419487978 29

a23 0.12248252354701832 22

a29 0.12099390398409152 28

al8 0.1204921614335488 17
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Continuation of Table 4.14:

Attribute | Attribute dependency Attribute
Name (Missing valucs ignored) SI No(0-34)
ald 0.12013675583313307 13
all 0.11589063413130792 30
al3 0.11018616665510211 12
als 0.10755711162389826 14
all 0.10447436201494624 10
a2l 0.1014562841765434 20
as 0.0998357126076578 4
al6 0.09803623820549003 15
a2l 0.089988104 10746731 21
al9 0.0813243391962274 18
a8 0.08096674434500432 7

a9 0.06898133264845267 8
a24 0.06756796465582222 23
a2l (.0631803113206591 26
a2s 0.06283638875529312 24
a2 0.06090928261166796 1
class 0.0602989908810818 class
aj 0.05981870604875205 2
a2b 0.0590101374073419 25
a4 0.04347544363641335 3
110 (0.027685263940558993 9

a7 (0.018313868463145033 6

al 0.017289426840164362 0

ab 0.012193619407510523 5
al2 0.0092183264849%7876 11
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We plot these atiribute dependencies against attributes. This is as follows:

' .5‘_; AT

Dcpendencics

Atribute name

Figure 4.11:  Attribute dependency chart for Soybean data set with
ignoring missing value. Horizonlal axis denoles the attribute

name and vertical axis denotes the attribute dependencies.
I we compare dependencies in both cases (missing values considered and

missing values i1gnored) we sce that there is a change in the order of

dependencies among attributes. This is clarified in Table 4.15.
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Table 4.15:  Comparison of aftribute’s dependencies of soybean data set
among the dependencies calculated ignoring the missing valuc
and considering the missing value. First halves ol the columns
of the table denotes the dependencies calculated ignoring the
missing value. Sccond halves of the columns of the table
denotes the dependencies calculated considering. All of the 35

attribute’s dependencies are given in the table.

Missing values ignored Missing values considered

Attribute | Attribute dependency Attr. | Attr. | Attribute dependency St
Name SINo | Name no

0-34

a35 (1. 1440850908859877 34 229 0.17411481477680107 28
a34 0.14189621243796083 13 al4 0.86655758587323488 33
al3 0.14047519075425213 32 a20 0.16401849410315217 19
a3l 0.129346247990682215 31 al2 0.1576619031391632 RE
a2® (0.127825196717452 27 a2l 0.1569907694989127 22
220 0,12715293961381277 19 a3l (0.15110309842271025 12
al? 0.12452822484703598 16 a3 0.14784659182398138 4
a30 0.12326844419487978 29 a28 0.14765412809728 27
u23 0.12248252354701832 22 ald 0.144042511013062 13
229 0.12099390398409152 28 alg 0.14200400939156918 17
al® 0.1204921614335488 17 al0 0.14102965218211927 249
al4d 0.12013675583313307 13 a8 0.140874625790061206 7
all (1.11589063413130792 0 all (1.1356451968968302 12
al3 (.11018016665510211 12 a3s 0.13481602313402810 4
als (0.10755711162389826 14 als 0.13448928296769305 14
all 0.10447436201494624 10 a9 0.12866330569050903 8
a2l 0.1014562841765434 20 a3l 0.1250136954522472 30
as 0.0098357126076578 4 al? 0.12250635559331303 16
alh (1.09803623820549003 15 alo 0.11836843806578810 15
a22 0.0899881041074673 1 21 al2 0. 11706404499400117 21
al9 0.0813243391962274 18 all 0.11627402988184009 10
a8 0.08096674434500432 7 alQ 0.11082311042285567 9
a9 0.06898133264845267 8 a2l (.10183103940935141 20
24 0.06756790465582222 23 class 0.09506869181147803 35
az27 (.063 1803113206591 20 al9 0.00170379464334 17 18
a2s (.06283638878529312 24 a2 0.07673799037532297 !
az 0.0609092826 166796 1 a24 0.0660153731569228 23
Class 0.0602089908819818 class al 0.05974218290098993 P
al3 0.05981870604875205 2 420 0.05455056319917149 25
a26 0.0590101374073419 25 227 0.04840329545949396 26
a4 0.04347544363641335 3 a2s 0.0451979618506194 24
all 0.027685203940558993 9 a4 (.04482361659593675 3
a? (0.018313868463145033 G a7 0.04047682579518786 ¢
al 0.017289426840164362 0 al 0.020209091031211450 ()
a6 0.012193619407510523 5 al2 (.018752830150328205 {
al? (0.009218326484997876 11 a0 L012081205058785969 5

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 oblained at each iteration
are given in the following table:

Table 4.16:  Error 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-AZ8 7.76
A35-A20 8.35
A35-A31 10.25
A35-A15 11.13

The error rate is plotted against the most interdependent attributes. The chart

looks like as {ollows:

Crror rated%a)

A3S AlS- A3S- Al5- A3S5- A3S- Als- A35-
Ald A3l A3l A28 A20 Al AlS

Interdependent attribute set

Figure 4.12: Erro: rate vs interdependent attrlbute set for Soybean dala 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 error rate of 5.86% for soybean
domain whereas LBR has an error rate of 5.9%. A detail analysis for Tic-Tac-

Toe end game domain has been given in the next section.

72



Chapter Four: Experimental Study
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 dependency 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 corresponds to table
4.9 in Chapler 4
Group-1 First highest 11,3,5,7} 0.01017926989682871
dependency
attributes
Group-2 Second highest | {4} 0.010030355375563406
dependency
attributes
Group-3 Third highest 10,2} 0.00883726900208207
dependency
attributes
Group-4 Fourth highest | {6,8} 0.00883720960208206
dependency
atlributes

We take exactly one attribute from each group and make a selection criteria by
And operation of these four aitributes 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 from 957
(958-test example, excluding the test example). A local NB is applied on this
subset of examples and the test exaniple 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 corresponding error rate for Tic-Tac-
Toe Endgame data set. In Each iteration rule, only one attribute
is taken from each group.

licration Group-1 Group-2 | Group-3 Group-4 | Error rate (%)

rule altributes | attributes | Attributes | attributes | of leave-one-out test

a) 1 4 0 O 13.57

b) 3 q 0 6 13.05

5 5 ] 2 6 20.02

d) 5 4 4 0 8.04

c) 7 4 (} 0 13.57

f) 7 4 2 6 2().04

From the above table 1t is seen that final ileration rule d) has the lowest error

rate {8.04%) having attributes with serial-no |5, 4, 0, 6}. This error rate is lower

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

If more than 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

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

case obtamed error 1s listed in the following table:

Tabie 4.19:  Attribute groups having equal dependency used in each
iteration rule and their corresponding error rate for Tic-Tac-
Toe Endgame data set. In Each iteratton rule, more than one
attribute is taken from each group.

Iteration | Group-1 | Group-2 | Group-3 | Group-4 | Error rate

rule attributes | attributes | attributes | attributes | of leave-one-out

test

a) 3,5,7 6 30.38 %

b) 1,57 4 6 50.42 %

c) 1,3,5,7 4 0,2 63.88 %

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

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

Conclusions

[n this thesis, We propose an efficient classification algorithm of Naive
Bayesian{NB) classitication which can be used in many recal life applications
like medical diagnosis, weather forecasling, gene classification, (ext
classification, stock prediction, prediction of credit-worthiness and other
practical applications of machine learing technology for classification, pattern
recognition, information retrieval tasks. The proposed algorithm improves the
performance 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 performance of NB, the
superiority of our algorithm is that il introduces a measure of aitribute
dependence for each attribute in the training data. A set of most mter-dependent
attribules is selected bascd on their dependency and by the use of lcave-one-oul
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 classified most inter-dependent attributes with their values in the test
example is used to select a subset of examples from training data. A local NI3
classifier 1s applied on this subset to classify the test example. Use 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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The proposed algorithm has been compared experimentally with NB, LBR,
BSEI, LAZYDT, C4.5 etc. in a large number of artificial and natural learning
. domains. Experimental 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 algorithin considers missing
values n aitributes as a new type of value. For this reason, 1t has a slightly
higher error rate in Soybean domain. If missing values in attributes are ignored

performance is improved.

The proposed algorithm is applicd on datasets of small size (e.g. Postoperalive.
Zoology, Iris) and it improves the performance of NB in these kind of learning
domains. Existing algorithms (LBR) do not improve the performance of NB in

domains with a small number of tratming examples.

Learning domains may have attributes with equal attribute dependency(e.g. Tic-
Tac-Toe Endgame). This characteristics ol domains may affect the performance
of the algorithm. A suitable heuristic may be applied to eradicate this problem.
Appropriate choice 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 first iteration (A4):

Here we have introduced an additional identifier “slno” for simplification of

leave-one-out procedure. This does not affect the whole procedure.

Instance 1 ; aD=chicken al=false a2=truc a3=true ad=lalse a5=true ab=Ialsc a7=talse aB=faisc a9=true ﬁl(l=l|‘1|c
al 1=Talse al2=Talse a13=2 uld=truc a15=uruc at6=falsc

Selection eriteria for subset generation Ad="false' and sino!=1
Subset Total Examples: 59.0

Total class categories in subsct: 6

Patd=chicken | amphibiank: 0.0

Plal=talsc | amphibian}: (£.8566606006606006
Pa2=truc | amphibian): 0.06333333333333334
Pla3=true | wmphibian): 0.86

Pa5=true | amphibian): 0.07666066066666667
P(ab=talse | amphibian): 1.23333333333333335
IMu7=lulse | amphibian): 0.31333333333333335
PraB=fulse amphibian): 0.13

P{a9=truc | amphibian); 0.94

P{alO=true j amphibian): 0.9299995099999969
Peal [=false | amphibian): 0.8066666666666606
P{al2=fulse | amphibian): 0.9433333333333334
P{a13=2 | amphibian}: 0.0B066606606666066067
(2 1d=true | amphibian): 0.41333333333333333
P(a15=truc | umphibian): 0.04

P{ato=Talse | amphibian): 0.8533333333333333
Ptamphibian): 0.06779661016949153

Class Name: amphibian, [{Product of all conditionza] Probability}*P(Class value)]: 1.714222603521923£-9
Plal=chicken | bird): 0.0

Plal=talsc | bird): 0.95904761904761v
Pla2=truc [ bird): .0228571428571428
Plad=tue | bird): 0.90

Plas=true j bird): 0.7361904761904762
P(ab=lulsc | bird): 0.68

Pra?=talse | bird): 0.318095238095238
P{aB=talse | bird): 0.94 1904761904769
Ptaf=truc | bird): 0.9828571428571429
P{ul=truc | med): 0.9%

Plal I=talse | bird): 0.9923809523806524

(al 2=falsc | bird): 0.9838095238005238
P(al3=2 [ bird): 0.9295238095238095
P(al4=truc | bird): 0.9752380952380952
PlaiS=truc | bird): 0.106666666666H6660

Plal o=fulse | bird): 0.6723809523809524
P{bird): 1.3220338983050:847

Class Name: bird, [(Product of all conditional Probability Y*P(Class value)): 0.004086809464908421
P(aO=chicken | tish): 0.0 :
Plal=talse { fish) 0.9426666060666607
Pla2=troc | fish) 0.023333333333333333
P(a3=truc | Nish): 0.9440000000000001
P(ad=truc | fish): 0.030666606G66H0607T
Plab=talse | fish): 0.08533333333333333
Ma7=iulse | fish): .3253333333333333
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Plag=false | fish): (.052000000000000005
Plud=truc | fish): 0.976

P{alO=true | 11sh): 0.10533333333333333

P(al I=talse | fish): 0.9226666606G66667
Pal2=tulse | lish): 0.1 10366666666666660
1*(a]3=2{ lish}): 0.034666606660666665
Plald=true | fish): 0.9653333333133334
PP(alS=truc | fish): 0.08266066666666667
Plalo=false | fish): 0.67466660HG666H060

P(tishy: 0.22033898305084745

Class Name: fish, [(Froduct ol all conditional Probability*P(Cluss valuc)}: 4.308413571848901E-12
P{al=chicken | inscct): 0.0

Plal=talse | insect): 0.514

P{a2=1ruc | insccl): 0.038

P(a3=true | insect): 0,916

PlaS=truc | insect): 0.640

Pta6=false | insect): 0.928

Pla7=talse | insect): 0.787499999999494999
PaB=false | inscct): 0.878

Pla=true | insect): 1.163999909999099008
Bal0=true | insect): 0.9580000000000001

P(al t=falsc | insect). 0.784

P(al 2=false | insect): 0.9606

P(al3=2 { insect): 0.052000000000000005
Pald=true | inscet): 0.148

Blal5=truc | mseet): 0.124 )
IP(al o=false | insect): 0.912

I"(insect): 0.135593220338981305

Class Name: insect, [(Product of all eonditional Probability)*P(Class value)]: 1.0419947264196475E-7
Pab=chicken | invertchrate): (1.0

P{al=falsc | invertebrate): 0.9283333333333333
P{a2=true | invertebrate): 0.03160666600006667
P{a3=true | invertebrate): 0.84660666666606667
P{a3=true | inverichrate): 0.03833333333313334
Plab=false | invenchrate): (.44

P{a7=false | inveriebrate): 0.24

Pta8=talse | inventebrate): L8983333333333334
Pra9=true | invertebraie): 0.1 3066600606666066
PlatO=true | invertebrate): 0.38166606666666667
Prall=talse | invertebrate): 0.82

P(al2=false | invertebrate): 0.97 16666660666667
Plal3=2}invertcbrale): 0.043333333333333335
Plald=true | inverlebrate): 0.2066666666666HG67
P{al S=truc | invertebrate): 0.02

PGl 6=lalse | invertebrate): 0.8433333333333334
Plinvertebraie): 0.169491525423728%

Class Name: invertebrate, [{Product of all conditional Probabilityy*P(Class value)|: 9.630404955470096E-11
Plab=chicken | reptile): 0.0

Plal=ralse | reptile): (h.877142857142857}
Pla2=true | reptile): 0.054285714285714284
P{a3=true | reptile}: 0.7371428571428371
Ptad=truc | reptile): 0.0657142857 1428571
Plao=rfalse| reptile): 0.7542857142857142
Pla7=false | replile): 0.26857142857 142857
Plaf=fulse | replile): 0.2542857142857143
Plad=truc | reptile): 0.9485714285714280
PalO=true | reptile): 0.7971428571428572

Plal I=lalse | reptile): 0.09142857142857 14
Iial2=talse | reptile): 0.95142857 14285714
Prald=2 }reptile): 0.07428571428571429
PMald4=tuc | reptile): 0.9257142857142857
PlalS=truc | reptile): 0.03428571428571429
Plal6=talse | reptile): 0.73142857 142857 14
Plreptile): 0.08474576271 18644

Class Name: reptile, |(Product ofall conditional Probability*1(Class value)|: 8.637739234754138E-9
Instance sl no L2 class name bird

Instanee 2 : a0=chub al=false a2=false a3=true ad=talse a3=falsc ab=true a7=truc al=true a9=true alO=talse
al I=talse al2=wuc a3 3=0 ald=wuc ai3=lalse alo={alse

selection criteria for subset generation Ad="false’ and slno!=2

Subset Total Examples: 539.0
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Total class categorics in subset: 6
P{aC=chub | amphibian). 0.6
P(al=talse | amphibian): 0.85666006666666H06
Pla2=false | amphibian): (.9333333333333333
Pla3=truc | amphibian): (186
P(a5=talse | amphibian): 0.9199999999989999
Plao=trve | amphibian); 0.7833333333333333
Pla?=truc | amphibian): 0.683333333333333)
Pas=truc | amphibian): 1.8666666606606GH060
P{a9=truc { amphibian). 0.94
P(al0=fulse | amphibiuan): 0.06666666660066667
Pal 1=tulse | amphibian): 0.80666660666660666
I’(a12=truc | amphibian): 0.05333333333333334
P(a13=0 | amphibian): 0.07333333333333333 .
P{ald=truc | amphibian}: 0.41333333333333333
P(al5=tulse | amphibian): 0.9566666666666060
I’(alo=tfalsc | amphibian): 0.8533333333333333
P(amphibian): (.0677960101 6949153
Class Name: amphibian, [(Praduct of all conditional Probability)*P{Class value)}: 1.3273481643140987E-6
I{a0=chub | bird): 0.0
P(al=false | bird): 0.96090%0%0909090%
P(a2=fulsc | bird): 0.67272727272727274
Plad=true | bird): 0.9618181818181818
Pud=talse | hird): 0.2509090909090900
Pab=true | bird): (.3045454545454545
Pia7=true | bird): (¢.4590009090509091
P{adi=true | hird): (1.05454545454545454
P{a9=true | bird): ¢.9836363636363636
Plal0=false | bird): GO1EIB1E1B1818]18184
P{al 1=falsc | hird): (L9927272727272727
P(al2=true | bird): 1.014545454545454545
P(al 3=0 | bird): 0.02
I"ald=truc { bird): 0.97636363636306363
PlaiS=falsce | bird): 0.8518181818181818
P(ato=falsc | bird): 0.6872727272727273
Pibird): (1L.3389830508474576
Class Name: bird, [(Product of all conditional ProbabitityY*P(Class value)]: 1.28713201375520647E-10
Plaf=chub | fish): 0.0
P{al=false | fish): 0.9385714285714285
Pla2=lulsc | lish): 0.9714285714285714
Plad=true | lish) (.94
Plas=tulsc | fish): 0.9657142857 1428506
PGo=truc { fish): 0.9071428571428571
P(a7=true | fish): 0.65
Plaf=true | fish): 0.9428571428371428
PlaY=true | lishy 0.9742857142857142
PlalO=lalsc | fish): 0.BB57142837142857
Plal I=falsc | fish): 0.91 7192857 1428571
Plal2=truc | tish): 4.88
Pal3=0] fish): (1 88B57142857142806
P{ald=truc | fish): 0.9628571428571420
P{al3=falsc | fish): .91
IP(alo=falsc | [ish): (.6514285714285714
PH1sh): G.20338983050847446
Class Name: fish, [(Product of all conditional Probability)*P(Class value)}: 0.03305833102620958
PlaG=chub | inseet): 0.0
P{al=talse | insect): 0514
P{a2=talse | inseet): 0.9600000000000601
Plad=true | insect): .916
{a3=false | insect): (1.352
P{ab=true | inscet): 0.0699994906990G0909
Ba7=truc | insect): 0.21000000000000062
Pluf=true | insect): 0.12
PtaY=truc | insec): 0.16399999400009998
P(a10=falsc | inscet): 0.04
P{al 1=lalse | inscel): 0.784
I"(al2=tree | inscet): 0,032
P(a13=0]insect): 0.044
Plald=true | inscct): O.148
Plald=lalse | inscetd: (.8739990904099094
Palb=lalse | inscet): (0.912
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Plinscct): 0.13550322033898305

Class Name: insect, [(Product of all conditional Probability)*P(Class value)}: 3.25086989398061324E-1 1
I*a0=chub | invertebrate): .0

Plul=tulse | invertebrate): 0.9283333333333333
IM(a2=talsc | invertcbrate): 0.9606666600666607
P(a3=true | invertebrate): 0.84606060666060607
'(a5=fals¢ | invertehrate): 0.9600000000000001
P(ab=true | invertebrate): 0.5583333333333333
P(a7=true | invertebrate): 0.7583333333333333
Plad=true | invertebrate): 0.09999999999999%99
P{av=true | inveriebrate): 0.13666606660606G66
P{al0=falsc | imvertehrate): 0.61666666H6606667
P{al [=talse | invertebrate): 0.82

Pl 2=true | inveriebrate): 0.026G60066G06066667
1’(a13=0 | invertebrate): (.37

Plald=true | invertebrate): ¢.200006600006666607
P(al3=fulse | invertebrate): 0.9783333333333334
P(a6=false | inveriebrate): 0.8433333333333334
P{invertebrate): 0.1694915254237288

Class Name: invertebrate, [(Product of alt conditional Probability)*P{Class valuc)]: 6.08583271822701E-7
PluO=chub | reptile): 0.0

Plal=false | reptile); 0.8771428571428571
P{a2=talse | reptile): 0.9428571428571428
Pla3=truc | reptile): 0.7371428571428571
P(aS=talse | reptile): 0.93142857 14285715
P(u6=true | reptile): 0.24285714285714283
Pla7=true | rephie): 0.7285714285714285
Plag=true | reptile): 0.74285714285371429
P(a9=truc | reptile): 0.9485714285714286
Pal0=rfalse | reptile): 0.2

P(al 1=talse | reptile): 0.6914285714285714

P(al 2=truc | reptile): 0.045714285714285714
Pl 3=0 | reptile): 0.49142857142857144
Plald=true | reptile): 0.9257142857142857

Pal 5=lalse | reptile): 0.9628571428571429

P(ul G=lulse | reptile): 0.7314285714285714
IP{reptile); 0 08474576271 18644

Class Name: reptile, [(Product ot all conditional Probability*1(Class value}]: 1.2151620520202515E-3
instance sl no 2 : class name (ish

Instance 3 : a0=clam al=talse a2=talse a3=true ad=false a5=falsc ab=talsc a7=true af=false a%=falsc aiO=talse
al I=false al2=talse 2l 3=0 al4=falsc al>=falsc al b=false
Selection criteria for subset generation Ad='false’ and slnot=3
Subset Total Examples: 59.0
Total class catcgorics in subset: 6
I"(al=clam | amphibian): O 0
Plal=false | amphibian): 0.85660666660066006
P{a2=false { amphibian): 0.9333333333333333
P{a3=truc | amphibian): (.86 ~
I'{a3={alse { amphibian): 0.9199999999999999
Plao=fulse | amphibian): 0.21333333333333335
P(a7=true | amphibian): 0.6833333333333333
P(a8=falsc | amphibian): .13
Pra9=talse | amphibian): 0.05666046666606667
PlatO=talse | amphibian): G.0GOGGO6GO6GGOG6GT
I'al 1=lalse | amphibian): ¢.8066066666606G60
Ptal2=false | amphibian}: ¢.9433333333333334
P{a13=0 | amphibian}: ¢.07333333333333333
P{ald=rfalse | amphibian}): ¢.5833333333333334
P(al5=falsc | amphibian}: 0.950660606H66666G
I’tal6=false | amphibian): (.8533333333333313
Plamphibian): 0.06772001016949153
Class Name: amphibian, [{Product of all conditional ProbabilityY¥*P(Class value)j: 8.139637284 71 60U%E-8
Ma0=clam | bird¥: 0.0
Plal=lalse | bird): 0 2609090909090908
Plu2=false | birdy: 0.07272727272727274
Plad=true | bird): 0.96 8 1K1 818181818
P{as=Talse | hird): 0.2509000909090909
Plan=tfalsc | bird): (.69454354545454 340
Pla7=true { bird): (1.459090909000909 1
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Plag=faisc | bird): .9445454545434545

PalO=lalse | hird): 0.018181R1EB181818184

Pal I=false | bird): .9927272727272727
Pal2=falsc { bird): 0.9845454545454345
P(al3=0| bird): 0.02

P(ald=false | bird): 0.022727272727272728
IMal5=false | bird): 0.851B181818181818
Plalo=talse | bird): 0.6872727272727273
I*(hird): ©.3389830508474570

Ctass Name: bird, [(Product ol’all cenditional Probability)*P(Class value)]: 1.258351012462104E-10
P(a0=clam { fish}: 0.0

Plal=false | ish): 0.9420666666G66HGG7
Pla2=fulse | fish): 0.9733333333333334
P(a3=true | 1ish): 0.944000000004000)
Plas=fulsc | fish): 0.968

Plab=falsc | fish): 0.08533333333333333
Péa7=true | fish): 0.6733333333333333
P{aB=talsc | fish). 0.052000000000000005
P{av=false | fish) 0.02260600666066667
PalO=rfalse | fish): 0.8933333333333333

(] L=talse | fish): 0.92260666060G6667
P{al2=Ffalse | 1ish): 0.110666666666G6660
P(a13=0 | tish). 0.896

P{al4=fulsc | fish): 0.0333333333333333]
Plal3=lalse | fish): 0.916

Plalo=false | fish): 0.6746066606606666

P(1ish): 0.220338U8305(084745

Cluss Nume: fish, [(Product of all conditional Probability)*P(Class value)]: 2.1064198938449653E-8
Pla0=clam | insect): 0.0

Ptal=lalse | nseet): 0.514

Pra2=C(alse | insect): 0.96000600000000001
Plad=truc | insec): 0.916

PlaS=lalsc | inscct): 0.352

Plab=Ialse | mseet): 0.928

Pla7=true | inscet): 9.21000000000000002
I(uk=faisc | insect): (L878

P(aY=false | mscetk (.8340000000000001
P(al0=lalse | insect): 0.04

Plal I=false | inscet): 0.784

Plal2=talse } insect): 0.900

P(a13=0] inscct): 0.044

Plald=flse | inscet) 0.8500000000000001

Plal S=lulse | insect)y: $.8739999999999949
Plalt=lalse | insect): 0.912

Pinsect): 0.13559322033898305

Class Name: inscet, HProduet of all conditional Probability)*P(Cluss value)): 2.780157215069152-6
Pla0=claim | invertghrate): 0.0

Pal=ralse finvertebrawe): 0.9218181818181819
P{a2=false | invertchrate): 0.9636363636363637
Pia3=true | invertebrate): 0.8327272727272728
Ptad=rfalsc | mventebrate): (.956303036306303064
Plao=lalse | invertebrate): (.3E909090909090904
Pla7=true | inveriebrate): 0.7363636363036303
Ptag=false | invertebrale): (.8RH0009090509092
PlaY=fulse | invertebrate): 0.8490909090909091
PlaiO=falsc | invertehrate): 0.5818181818181818
Plal I=falsc | mvertebrate): 0.8036363636363630
P{al 2=talse | invertebrate): 0.9690909090909091
P{a13=0 | invertchrate). 0.3127272727272727
Pald=talse | invertebrate): 0.7727272727272727
P{at3=lalsc | mveriebrate): 0.97636306363636304
Plalo=Talse | invertehrate ) 0.829090909G909091
P{invertebrate): 6.13254237288135504

Class Name: invertebrate, [(Product ol all conditional Probability ¥ P{Class value)|: 0.002068881922043061 38
Pa0=clam | reptile): 0.0

Plal=tulse | reptile): 0.8771428571428371
Pla2=rfalse | reptile): 0.9428571428571428
Pla3=truc | repliley: 0.7371428571428571
Plad=(alse | reptile): 0.93142857 14285715
Plab=lalse | reptile): 11.7542857142857142
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IPla7=irue | reptile): 0.7285714285714285
IfaB=false | reptile): (12542857 142857143
P(a9=lalse | replile): (.04B57142857142858
P(alO=false | reptile): 0.2

Plat1=1alse | reptile): 0.0914285714285714
P(al2=ialse | reptile): 0.9514285714285714
P{al3=0 ] reptile); 0.49142857142857144
Pald=false | replile): 0.07142857142857142
Plal3=false | reptile): 0.9628571428571429
P{alG=talsc | reptile): 0.73142B57 14285714
Péreptile): 0.08474576271 18644

Class Name: reptile, [(Product of all conditional Probability¥*P(Class value)|: 1.06234580820644412E-6
Instance sl no 3: class name invertebrate

Instance 4 : afl=crab a1=falsc a2={ulsc a3=wue nd=talsc ad=fulse ad=truc a7=true a8=falsc a9=talse al 0=Ilalse
al 1=false al 2=fulse u13=4 ald=false al 5=false al G=falsc

Selection criteria for subset generation Ad="Talse’ and slno'=4
Subset Total Examples: 59.0

Total class caleporics in subsct: 6
PtaG=crub | amphibian): 0.0
P{al=false | amphibian}): 0.8566666666660066
P(a2=talse | amphibian): 0.9333333333333333
P{a3=true | amphibian): ¢.80
IP(a3=fulse | amphibian): 0.9199999999999999
I*tao=true | amphibian): 0.7833333333333333
Pa7=trire | amphibian): (.0833333333333333
PraB=false | amphibian): 0.13
PlaY=falsc | amphibian): 0.05606666060066607
Plal0=fulse | amphibian): 0.060666666660666667
Pial 1=talse | amphibian): 806606606060660066
P{ai2=false | amphibian): 0.9433333333333334
Plal 3=4 |amphibian): G.78990G9999000999
Puaid=false | amphibian}: 0.5833333333333334
P(ul S=fuisc | amphibian): 0.9566H66666660666
P(alé=falsc | amphibian): 0.8533333333333333
Plamphibian): 0.067720610106949153
Class Name: amphibian, [(Product of all conditional Probability)*P(Class value)]: 3.227634933041641 -0
Plali=crab | bird) 0.0
Plal=taise | hird): ¢.9609090909090908
P(aZ=falsc | bird): (.07272727272727274
Pla3d=true | bird): 0.961818181318181K
Plas=taise | bird): ¢.2509090909G0090%
Pab=true | bird): 0.3045454545454545
P(a7=true { bird): 0.4590%0909G90909
P(a8=false | hird): 0.9445454545454345
P(a9=tulsc | bird): 0.015454545454543455
IPalO=talse | bird): 0.018 18181818 1818184
IMal I=talsc { bird): .9927272727272727
Plal2=1alse | bird): 0.9845454545454345
Péal 3=4 | bird): 0.033636363636363064
Plald=tulse | bird) 0.022727272727272728
P(al5=lalse | bird): 0.831B1818I818I8i8
Plal6=fulsc | bird): (0.6872727272727273
P{bird): 0.3389830508474576
Cluss Name: bird, [(Product of all conditional Probability *P{Class valuc)j: 9.279664921149321:-11
Plul=crab | tish): 0.0
Plal=false | fish): 0.94266066066666607
"(a2=lalsc | Bsh): 0 9733333333333334
Plad=true | lish): 0.9440000000000001
Plad=fulsc | tish): 0.968
Plab=truc | ish): 0.9133333333333333
Pra?=true | fish): .6733333333333333
Pag=falsc | lish): 0.052000000000000065
Pla9=falsc | fish): 0.02266666666606067
P{al0=talse | fish): (.8%33333333333333
P{al=false | fish): G.922060666006666067
Pl 2=rfalsc | Nish): 0.1 10666066H60660606
P{al3=4| fish): 0.04933333333333333
P{ald=talsc | 1ish): ©0.03333333333333333
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Pal5=talse | fish): 0.916

Palo=talse | ish): 0.674666660H6GO660

P{hish): 0.22033R89830:5084745

Class Name: fish, [(Product of all conditional Probabitity)*P(Class value}]: 1.24133212912715451:-8
P{aG=crab | insect): 0.0

P{ai=false | insect): 0.514

Plu2=falsc | inscct): 0.0600000000000001
Pud=truc | inscct): 0.916

Pa5=falsc | insect): (352

Plab=true | insect): 0.069999999459999994
P(a7=true | inscct): .2 1000000000000002
Plag=talse | insect): 0.878

PraV=falsc | insect): (.8340000000000001
P(alO=false | insect): 0.04

Pal 1=talse | insect): 0.784

P(al2=false | insect): 0.900

Ptal3=4 | nscet): 0.074

IMald=false | inscet): 0.8500000000000001
P(al5=faise | inscct): 0.8730999999909099 .
Palo=false | inscet): 0.912

Plingeet): 0.13359322033898303

Class Name: insect, [(Product of all conditional Probability)*P(Class value)]: 3.5269431762206049E-7
“Plad=crab | invertebrate): 0.0 ’
Pal=false | invertebrate): 0.9218181818181819
P{a2=iaisc | mvertcbrate): 0.9636363636363637
P{ad=true | invertebrate): 0.8327272727272728
P{aS=falsc | mvertebrate): 0.95636363636363064
P{aG=truc | inverlcbrate): 0.3181818181818182
P{a7=true | imvertebrate): 0.7363636363636363
[P{a8=false | invencbrate): 0.8800909090%09092
P{aS=ralse | inverebrate): (.84909090%G090)9091
P{alO=false | invertebrate): 0.5818 181818181818
P{al 1=talse | invertebrale): 0.80363630363636306
P(al2=talse | mverichrate): .9690909090909091
P(a13=4 | invencbrate): 0.06727272727272728
Platd=lalse | invertebrate): 0.7727272727272727
Plald=false | invertebrate): 0.97636306363036304
Plalo=talse | invertebrute): 0.829090900090909
Plinvertebrate): 0.15254237288135594

Class Nume: invertebrate, [(Product of ali eonditional Probability)*P{Class value)]: 5.92707016626(1325E-4
Plad=crab | reptile): 0.0

Pial=fzlsc | reptile): 0.877142857 1428571
Pla2=false | reptile): 0.9428571428571428
Plud=truc | reptile): 0.7371428571428571
Plas={ulsc | replile): .9314283714285715
Plab=true | replile): 0.24285714285714283
Pla7=truc | reptile): 0.7285714285714285
PaB=fulse | reptile) 0.2542857142857143
I*(a9=talse | reptile): 0.04857142857142858
IMalO=1alse | repiiley 0.2

Plal I=talse | reptile): 0.6914285714285714
P{al2=false | reprile): 0.9514285714285714
P{al13=4 | reptile): 0.39142857142857 4
Plald=false | reptile): 0.07142857142857142
P{al5=tulsc | reptile): 0.9628571428571429
P{alo=false | reptile): 0.7314285714285714
Pleplile): 0.0847457627118644

Class Name: reptile, [(Product of alt conditional Probability)*(Class value}]: 2.7244137504502775E-7
Instance sl no 4: class name invertehrate

Instance 5 : aO=crayhish al=fulse a2=false ad=true a4=talse ad=talsc ab=true a7=truc a¥=false a9=tulse ul0=talsc
al I=lalse al2=falsc al3=06 al4=talse al 5=false al G=tulse

Sclection eriteria for subhset generation Ad='falsc' and sinot=5
Subset Total Examples: 59.0
Total elass categorics in subscl: 0
P{aO=crayfish { amphibian): 0.0
P{al=talse | amphibian): 0.8566666006066G66660
Pla2={ulse | amphibian): 0.93333333333233333
Iad=true | wmphibian): 0.86
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P(as=talse [ amplibian}: 0.9199999949999999
P(ab=true | amphibian): 0.7833333333333333
P{a7=truc { amphibian): .6833333333333333
P(aB=taise | amphibian}: (.13

P(a9=falsc | amphibian}: (L05666666666666667
(a1 0=false | amphibian): 0.06660666666666667
Ilal 1=false { amphibian): 0.8066606606666666
P(al2=false | amphibian): 0.9433333333333134
P(a}3=6 | amphibian): 0.03

P(al4=false | amphibian): 0.5833333333333334
P(al 5=false | amphibian): 0.95606666666666666
I’(al 6=talse | amphibian): 0.8533333333333333
P{amphibian): 0.06779661016949153

Class Name: amphibian, [(Product of all conditional Probability)*P{Class value}]: 1.2256841517879065E-7
P{aO=craytish | bird): 0.0

P{al=falsc | bird): 0.96090909090909G8
P{a2=false | bird): 0.07272727272727274
P{a3=true | bird): G.O018181RIRIRIEIR
P{as=false | bird): 0.2509090905090909
P{ab=true | bird): 0.3045454545454545
P{a7=true | bird): 6.4590009040909091]
P{a8=lalse | bird): 0.9445454545454545
Pla9=false | bird): 0.015454545454545455
P{alO=false | bird): 0.018181818181818184
Pial l=false | bird)y: 0.9927272727272727
P{al2=talse | bird): 0.9845454545454545
Pal3=6 | bird): 0.00818181818181818
Pald=false | bird): 0.022727272727272728
P(a)5=false | bird): 0.85181 81818181818
Prato=false | bird): (LOK72727272727273
I*(hird}: 033898305084 74576

Class Name: bird, [{Product of all conditional Probability)*P(Class value)]: 2.2572157916309156E-11
P{aG=crayfish | [ish): 0.0

P{al=false { fish): 0.9426066666606667
Pu2=false { fish): 0.9733333333333334
P{a3=truc | fish): 0.944000000000000]
P{ad=talse | fish): 0.968

Iao=true | fish): 0.9133333333333333
"a7=true | fish): 0.6733333333333333
P{a8=false | lish): 0.032000000000000005
P{ad=C(alsc | fish): 0.02266666G6666GHGT
Pati=talsc | fish): 0.8933333333333333

Pai )=taise | fish): 0.9226666606666607

Pial 2=talse | fish): G 1106606066GO06G6GGHG
P{al3=06 | f1sh): 0.012

Pial4=rfalsc | ish): 0.03333333333333333
Plal5=lalsc f nsh): 0916

Plalo=talse | (ish): .0740666660060606
X(tish): 0.22033808305084745

Class Name: fish, [(Product of all conditional Probabilityy*P(Class valug)]: 3.0194565303092947E-9
I’(a0=crayfish | insect): 0.0

IP(al=faise | inscet): 0.514

P(a2=false | inscet): (.960000000GO00001
P{a3=true | inscct): 0916

P{aS=false | inscet): 0.352

Plat=truc | insect): 0.0699499999009099¢%
P{a¥=true | insecty: 0.21000000000000002
Plad=lalse | insce1): 1).878

Pad=false | insect): 0.8340000000000001
I'(alG=talse | inseel): 0.04

Plal 1=talsc | inscet): 0.784

Ial 2=fatse | inscet): 0,966

’(al 3=06 | inscct): (L.818000000000000 )
Plald=falsc | inscet): 0.8500000000000001
Pal5=ialse | insect): 0.8739999999499994
Plalo=false | inscet): 0.912

I*(inscet): 0.13559322033898303

Cluss Name: insect, {(Product of alt conditional Probability)*P(Class value)i: 3.898702051557985E-6
Praf=crayfish | invertebrate): 0.0

Plal=false | invertehrate): 0.921 8181818181819
Pu2=tfalse | invertebrate): 0.9636363036363637
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P{a3=truc | tnveriebrate): 0.8327272727272728
I’(aS=false | invertebrale): 0.95036363636G36364
Ptab=truc | invertcbrate): 0.5181818181818]182
Pta7=truc | invertebrate): 0.73636363636363063
PaB=false | invertebrate): 0.8890909090909092
P{a9=false | mvertebrate): 0.849090409090909
P(al0=talsc | invertcbrate): 0.5818181818I81818
P(al1=false | invertebrate): 0L8(136363636363636
P(al2=false | invertebrate): 0.9690909090909091
P(al3=6 | inverchrate): 0.10727272727272727
Plald=false | invertebrate): 0.7727272727272727
P(al5=false | invertebrate): (1L.9763636363636304
IMfal6=false | invertebrate): 0.829G909090909091
PPlinvertebrate): 0.13254237288135594

Class Name: invericbrate, [(Product of all conditional Probability)*P(Class value)]: 9.451274048901 508E-4
P(a0=crayfish | reptile): 0.0 -
P{al=faise | reptile): 0.8771428571428571
P{a2=faisc | reptile): 0.9428571428571428
P{a3=truc | reptile): (.737 1428571428571
P{a3=talsc | reptile): 0.9314285714285715
P{at=truc | replile): 0.24285714285714283
Pla7=tue | reptile): 0.7285714285714285
PaB=false | ceptile): 0.2542857142857143
P{aY=talsc | reptile): 0.04857142857142858
P{al0=talsc | reptile): 0.2

P(al) I=false | reptile): .6914285714285714
Pral2=lalse | reptile): 0.9514285714285714
P(ail=6 | reptile): 0.025714285714285714
Plal4=talse | reptile): (L07142857142857142
PlalS5=talse ) reptile): (.9628571428371429
Plalo=talse § repuile): 0.7314285714285714
Preptile): 0.0847457027118044

Class Name: reptile, [(Produet of all conditional Probability*P(Class value)]: 1.78%7008619016420E-8
Instance sl no 3: class name invertebrate

Similarly we gel for other examples as follows:

Instance 6 : all=hutlalo al=true a2=falsc aj=false ad=true a5=lfalse ab=lalse a7=false a8=true a9=truc al0=lruc

al I=false al2=talse a1 3=4 ald=true al5=talse al 6=true

Selection criteria tor subset generation Ad4="truc' and sino!=6

Class Name: mammal, [(Product of all conditional Probability)*P(Class value)}: 0.09755589743311713

Instance 51 no 6 ¢lass name mamimal

nstance 7 : a0=call al=true a2=talse a3=lalse ad=truc a5=falsc a6=fulse a7=falsc a8=true a9=true al0=wruc

al I=false al2=falsc al 3=4 ald4=true al 5=true al 6=truc

Selection criteria for subset generation Ad="true’ and sino!=7

Class Name: mammal, [{Product of all conditional Probability}*P(Class vaiue)]: 0.020933749182447184

Instance sl no 7 class name mamimal

Instance 8 : aO=carp al=talsc a2=lalsc a3=true a4=falsc a5=false ab=true a7=talse al=truc a9=truc al)=falsc

al 1=false al2=tue al3=0 ald=truc al 5=true al 6=lalse

Sclection criteria for subsel generation Ad4="false' and slno!=%

Class Name: ariphibian, [(Product of alt conditionat Probability)*{(Class value)]: 2.544826598701009E-8

Class Name: bird, [{Product of all cenditional Probabilityy*P(Class value)]: 2.6175415412500738E-11

Class Name: lish, [(Product of all conditional Probability)*P(Class value)): 2.655296794008853E-4

Class Name: mscel, [{Product of all conditional Probability*P(Class value)): 1.730679955765354E-11

Class Name: inveriehrate, J{Product of all conditional Probability)*P(Class vatue)]: 3.937442738115684E-0

Class Name: reptile, [(Producet ot all condiional Probability)*P(Class value)]: 1.59504601069649664E-7

Instance sl no 8 class name fish |
Instance 9 : af)=cathish al=false a2=falsc ad=truc ad4=false a5=false a6=true a7=true ak=true a%=true al=false
all=talse al2=true a13=0 ald=lrue al 5=falsc al G=laise |
Seleetion eritena Tor subset generation Ad="false’ and slno'=9

Class Name: amphibian, [{Product of all conditional Probability*P(Class value)]: 1.3273481643 140987130
Class Name: bird, {{Product ot all conditienal Probability)*P(Class value)]: 1.2871320137552647E-14)

Class Name: [ish, [{Product of all conditional Probability)*P(Class value}|: 0.033038331020626958

Class Name: inseet, [{Product of ali conditional Probability)*P(Class value)]: 3.2508698939861324E-11
Class Name: inveriebrate, {(Product of all conditional Probability*P(Class valuc)]: 6.08583271822701E-7
Class Name: reptile, {{Product of all conditional Probability)*P(Class value)]: 1.2151620520202515E-5
Instance si no Y class namwe fish '

instance 10 : a0=cavy al=true a2=faise ad=false ad=true aS=false ab=lalse a7=false aB=true aO=tive alO=true
al I=falsc al 2=faisc al3=4 ald=falsc al 5=true al 6=falsc

Seleetion eriteria for subset generation Ad="true' and slno!=i0

Clags Name: mammal, {(Product of all conditional Probability)*P(Class value)]: 9.289132582864 504 -4
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Instance sl no 10 class name mammal

Instance L1 @ gl=chectah al=true a2=false a3=falsc ad=true aS=falsc ab=false a7=true uB=true al=true 41 0=truc
al 1=talsc al2=talse a13=4 ald=true ai5=talse al6=true

Selection criteria for subset generation Ad="truc’ and stnot=11

Class Name: mammal, [{Product of all conditional Probability)y*P(Class value)]: 0.1141941384 14824063
Instance s1ne 11 elass narke mammal

Instance 12 : aG=aardvark al=true a2="{alse al=lalse ad=tree a5=lalse a6="fals¢ a7=true aB=true a9=true al0=truc
al I=falsc al 2=false al 3=4 ald=falsc al S=lals¢ al6=true

Selection criteria for subset generation A4="true' and slno!=12

Class Name: mammal, [(Product of all conditional Probability)*P{Class value)]: 0.017702022584034256
Instance sl no 12 class name mammal

Instance 13 : a0=antelope al=true a2=false a3=false ad=true a5=false a6=false a7=talse aB=true a9=true al0=true
al |=fulse al2=falsc al 3=4 ald=truc al 3=false al 6=truc

Selection criteria for subset gencration Ad="true’ and slnot=i3

Class Namw: mammal, [(Product ol ull conditional I’lohablllly)"‘P(Cl.JSG vajue)]: 0.09755589743311713
Instance 3 no 13 ¢lass name manmal

instance 14 : a0=bass al=false a2=lalsc ad=true ad="lalse a5=falsc a()=lruc a7=truc a8=truc a%=truc alO=talse
al F=tdse ak2=tue al 3=0 ald=truc a) 5=fulse a1 6=falsc

Selection eriteria tor subset generation Ad="false’ and sino!=14

(lass Name: amphibian, [(Product of all conditional Probability)* P(Class valuc)]: 1.32734816431400987:-6
Clags Name: bird, [(Product of all conditional Probability)*P(Class value)]: 1.28713201375520647E-10

Class Name: fish, [(Product ol all conditional Probability)*P(Class value)}: 0.03305833102626958 :
Class Name: insect, [(Product of all conditional Probability Y*P{Class value)]: 3.2508698939861324[-1)
Class Name: invertebrate, [{Product ot all conditional Probability)*P(Class value)]: 6.08583271822701E-7
Ciass Namc: repile, [{Product ol all conditional Probability)*P(Class value)]: 1.2151620520202515E-3
Instance sl no 14 class name fish

Instunce 15 2 a0=bear al=truc a2=false a3=talse ed=true aS=falsc ad=lalsc a7=lrue aB=true a9=truc a Id=tuc
all=false al2=hlse al3=4 al4=lalsc al >=falsc al 6=truc

Seleetion eritena for subset generation Ad="true' and slno!=15

Cluss Name: mammal, [(Product ol ali conditionat Probability)*P{Class value)]: 0.017702022584034256
lastance s1no 15 cluss nume namnial

Instance 16 : ad=hovar al=true u2=talse a3=lalsc ad=truc a5=false ab=talsc a7=truec a8=truc a9=truc ul G=true
al l=false al 2=false al3=4 al4=wruc al S=fulse al 6=truc

Sclection criteria for subset generation Ad="true' and slno!=16

Class Name: mammial, [{(Product ol all conditional Probability}* P(Class value)]: 0.1 1419413841482403
Instance s1no 16 ¢lass nume mammal

Instance 17 : a0=crow ai=rfalse a2=true a3=truc ad=talse a3=true ab=false a7=true a8=falsc uY=truc alO=true
al I=fulse ai2=Tulsc al3=2 al4=truc al5=false al6=falsc

Sclection ¢riteria for subsct gencration Ad='false’ and slno!=17

Class Name: amphibian, [(Product of all conditionad Probability)*P(Class vaiue)]: 8.941 1060184238683 13-8
('lass Name: bird, [(Product of all conditional Probability)*P(Class valuc)]: 0.02707088691457766

Class Name: tish, {{Product of all conditional Probability)y*P(Class value)|: 9.8806151675660981:-11

{lass Name: insect, | (Product ol all conditional Probability)*P(Class valee)]: 1.957259211632779E-7

Clags Name: invertebrate, [(Product of all conditional Probabilityy*P(Class vulue)]: 1.4885050390808024 -8
Class Name: reptile, [(Product o all conditional Probability)* P(Class \'ahu,]] 0.580532988817348E-7
Instance 51 ne 17 class name bird

Instance |8 @ al=deer al=truc u2=talsc ai=talsc ad=true a5=talsc ab={alsc a7=luisc aB=true a9=true uld=truc
ul I=lalsc al2=false al3=4 ald=iruc al 5=Ialsc at6=truc

Seleetion eritevia for subset pencration Ad="troe’ und slno'=18

Class Name: mammal, [{Product of ull conditional Probabiliiy)*P(Class value)]: 0.0975558974331 1713
Instance sl no 18 cluss name mammal

Instance 19 : ad=doglish al=tulse a2=falsc a3=true ad=talse a5=faise ub=lrue a7=true a¥=true a%=truc alO=fulse
al I=lalse al2=true al 3=0 al4=truc ul 5=talse al 6=truc

Sclection criteria for subset generation Ad="lalse’ und slno!=19

C'lass Name: winphibian, [{Product ot all conditional Probability)*P(Class value}]: 2.229530119746338E-7
Class Name: bird, [(Product ol alt conditional Probability)*P(Class value)]: 5.8397656179037011:-11

Class Namw: tish, {(Product ol all conditional ProbabilityY*P(Class value)|: 0.013991793614188060

Cluss Nume: inseet, [(Product of all conditional Probubility}*P(Class value)]: 3.06551327722370465-12
Class Namu: invertebrale, [(Product of ali conditional Probabitity)*P{Class value)]: 1.11854237706543871:-7
Class Name: reptile, [{Product of 4l conditional Probability)*P(Class value)]: 4.414455892 1048 19:-6
Instarce st no §9 class name fish

Instance 20 : a0=dolphin al=faise a2=fulse a3=lalse ad=true a5=fulse ad=true a7=lruc a¥=truc a9=1rue alO=true
al I=lulse al2=true al3=0 ald=truc al 3=falsc al 6=truc

Selection criteria for subsct gencration Ad="truc' and slno!=20

Class Name: mammal, [(Product of all conditional Probability)*P(Class value)]: 7.113254948545375E-6
Instance sl no 20 class name mammal

Instance 21 @ aO=dove ul=false a2=truc ad=true ad=lalsc a5=true ad=lalsc a7=lalse a8=talsc a%=true ulO=truc
al I=talse ul 2=(ulsc al 3=2 al4=true aiS=true al 6={alse

Selection criteria for subset generation Ad='lalse’ and slno!=21

Class Name: amphibian, [(Product of all conditional Probabitity)*P(Class value)|: 1.714222603521923-9
Class Name: bird, [(Product ol all conditional Probability)*(Class value}]: 0.004086800464998421
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Class Name: Gish, [(Product of ul) conditional Probability)*P(Class value)|: 4.308413571848601:-12

Cluss Name: insect, [{Product of all conditional Probability)*P{Class valuc)|: 1.04199472641964751:-7
C'lass Name: inveriebrate, [{Product of all conditional Probability)*P(Class value)]: 9.630404955470090-1 1
Class Name: reptile, {{Preduet of all conditional Probability)* P(Class value)]: 8.637739234754138E-9
Instance sl no 21 cluss name bird

Instance 22 : al=duck al=fulse a2=truc a3=true ad=fulsc a5=truc ab=true a7=false a8=talse a9=true atO=true
ul I=false al2=talse al3=2 uld=truc al3=lalse al 6=tulsc

Selection criteria for subset geaeration A4='lalse’ and slno!=22

Class Name: amphibian, [(Product of all conditional Probability)*P(Class value}]: 1.505413326751772E-7
Class Name: bird, [{Product of all cond:tional Probability}*P(Class value)): 0.012919230§75873795

Class Name; fish, [(Product of all conditiona? Prohability)*P(Class valuc)): 5.109672088821 155E-10

Class Name: inscet, [(Product of all conditional Probabilityy*P(Class value)]: 5.539943458213468L-8

Class Name: invertebrate, [(Product of all conditional Probability)*P{Class value)]: 5.977812444660400L-9
Class Name: repile, {{Product of all conditional Probability)*P(Class value)]: 7.810228547333723 -8
Instance s1 no 22 ¢lass name bird

Instance 23 : a0=clephant al=true a2=false ad=false ad=true a5=talsc a6=talse a7=talse aB=true a9=truc al0=truc
all=lalse al2=false a13=4 uld=wrue al5=false al6=truc

Selection criterta for subsel generation A4="true’ and slno=23

Class Name: manumnal, [(Product of alt conditional Prabability)*P(Class value}]: 0.0975558%743311713
instance si no 23 class name mammat

Instance 24 : a0=flamingo al=talse a2=true a3=true ad=falsc a3=true ab=lulse a7=talsc a8=fulse a0=truc
alO=1rue al l=false al2=falsc a{3=2 ald=true al 5=falsc al 6=true

Selection critcria for subset gencration Ad="Talse’ and slno'=24

Class Name: amphibian, [(Product of all conditionat Probabiliy)*P(Class value)]: 6.8864652181 19808[:-9
Class Name: bird, [(Product of all conditional Probabiiity)*P(Class value}]: (.013432378068948609

{lass Name: tish, [{Product of ali conditional Probability)*P(Class value)j: 2.292652269852185C-11

(lass Name: insect, |(Product of all conditional Probability*P{Class value}]: 6.92562355127037E-8

Class Name: inveniebrate, [{Product of all conditional Probability}*P(Class value)]: 8.658324060014294E-10
Class Name: reptile, [(Product ofall conditional Probability)*P(Class valuc)]: B.812349783737930[-8
Instance si no 24 class name bird

Instance 25 : aO=tlca al=falsc a2=false a3=true ad=lalse a5=lalsc ub=lulse aT=lalse aB=fulse a9=1hlse ald=truc
al 1=falsc a1 2=falsc a1 3=06 ald=falsc al 5=false al 6=false

Selection eriteria fur subset gencration A4='false’ and slno!=25

Class Name: amphibian, [(Product ol ull conditional Probability)*IM(Class value}]: 2.135201 58 18854542E-7
Class Name: bid, [ (Product of ail conditional Probabilityy*P(Class value)|: 3.20660691687272537[:-9

Class Name: Bish, [(Product of all conditional Probabslity)*P(Class value)]: 1.607196288992625E-11

Clugs Name: insect, [(Product of all conditional Probabilityy*P{Class value)]: 0.002360675483556681

Class Name: invertebrate, [(Product of all conditional Probability)*P{Cass value)]: 3.6464063467468741:-4
Class Name: septile. [ (Product of all conditional Probability)* P(Class valuc)]: B.167212290761162E-8
Instance sl no 25 class name insect

Instance 26 : ad={rog al=lalsc a2=lalse a3=true ad=false a5=falsc ab=truc a7=true a8=true a9=truc ald=truc
al I=lalse al 2=false ul3=4 uld=faisc al 5=falsc al G=faisc

Seiection eriteria for subset generation Ad="false' and slno'=26

Class Name: amphibian, [(Product of all conditional Probability)*P(Class value)): 4.0713623877214171=-4
Class Name: bird, [(Product of all conditional Probability*#(Class vaiue)): 1.6728041632195033E-11

Class Name: lish, [(Product of all conditional Probability/*P(Class vaiue}]: 1.529800937930174E-9

Class Nuwme: insect, [{(Product of all conditional Probability)*(Class value)|: 4.5404458817720706LE-10
Class Name: mvertebrate, [(Product ol all conditional Probubility* P(Class value)): 3.433913042995 [ 64312-8
Class Name: reptile, [(Product ol all conditional Probability)* P(Class value)f: 1.7700424708969561-7
instance sl no 26 class name amphibian

[nstance 27 : al=frog al=false a2=talse a3=lrue ad=[alsc aS=talse aG=truc a7=true a8=truc a9=true al 0=truc
al [=true al2=false ol 3=4 ald=false al 5=false al 6=fulse

Selection eriteria tor subset generation Ad="lalse’ and slno!=27

Class Name: amphibiun, [(Product of all conditionat Probability)*P(Class value)]: 1.4843508705234338LE-5
Class Name: bird, i(I'roduct of all conditional 'robabifity *P(Class value)]: 1.0723103610381433[:-13

Cluss Name: lish, [{Product of all conditional Probability)*P{Class value)]: 1.26009614829508521:-10

Class Name: insect, {{Product of all conditional Probability)*PM(Class value)]: 1.2393504014020701E-140)
Class Name: inveriebrate, [{Product of all conditional Probability)*P(Class value)|: 7.468062918708905E-9
Class Name: reptile, [(Product of all conditional Probability)* P{Class value)]: 7.8262208423956351:-8
Instance shne 27 class name amphibian

Instunce 28 © al=fruithat al=true a2=false u3=falsc a4=1ruc aS=true ab=false a7=fulse a8=true a%=uue ol =true
al 1=false al2=talse a1 3=2 ald=true al 5=fulse ai 6=fulse

Selection ciiteria for subset generation Ad="true' and slno!=28

Class Name: mammal, [{(Product of ali conditional Probabilityy* P(Class value)): 2 1881759866914253 114
Instance sl no 28 ctass name mammal

Instance 29 : al=giralte al=true a2=talsc ad=talse ad=true ad5=false ad=talsc a7=falsc u8=true a9=true alO=truc
al I=talse al2=fulse ol 3=4 aid=wuc al5=falsc al 6=truc

Selection eriteria for subset generation A4="true’ and slno!=29

Class Name: mammal, [(Prodect of bl conditional Probability P P(Class value)]: 0.09755589743311713
Instance sl no 29 class nanwe manml
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Instance 30 : a0=girl al=truc a2=lalse ad=false ad=truc a5=false ab=falsc a7=true aB=lrue a9=true alU=truc
all=talse al2=talse a13=2 ald=lalsc al 5=true al 6=true

Selection criteria lor subset generation Ad="true' and slno!=30 ,

Class Name: mammal, [(Product of all conditional Probability)*P(Class value)]: 8.05675414151792 1 I:-4
Instance 51 no 30 ¢lass name mamemal

Instance 3 - aO=pgnat al=lalse a2=false ad=true ad=ialse aS=truc ab={alsc a7=falsc a8=talse a9=lalse at0=truc
all=false al2=faisc al3=0 ald=false al5=false a16=false

Selection criteria for subset generation A4='false' and stno!=31

Class Name: amphibian, [(Product of 2l conditional Probability)*P(Class value)}l: 1.7793346515712116E-§
Class Name: bird. [(Product of all conditional Probability)*P{Class valuc)]: 9.7408958064 58441 2-9

Class Name: fish, f(Product of all conditional Probability*P{Class value)}: 5.0916080684136416E-13

Class Name: insect, | (Product of all conditional Probability)*P{Class value)]: 0.00511479688103%475

Class Name: invertebrate, | (Produet ot all conditional Probability)*P(Class value}]: 1.4560542704023972E-5
Class Namc: reptile, [(Product ol all conditional Probabitity)*P{Class value)]: 5.762143640721064E-9
Instance sl no 31 class name insect

Instance 32 @ aG=goat al=true a2=talsc ad=false ad=true a3=talsc ab=falsc a7=talse a8=true a9=truc ni0=truc
al I=falsc al2=false al3=4 al4=true al15=true al6=true

Selection eriteria for subset generation Ad="true' and slno'=32

Class Name: mammal, [(Product of 21 conditional Probability)*P(Class value)]: 0.020933749182447184
Instance sl no 32 class name mammal

Instance 33 : al=gorilla at=true a2=talse aJ=false ad=true aS=talsc ab=talse a7=talse a8=true 29=true al=truc
al 1=false al2=false al3=2 al4=fulse al S=falsc al6=true

Sclection critera for subset generation Ad="true' and slno'=33

Class Name: mammal, [{Product of al! conditional Probability)*P(Class value)]: 0.003207571450584547
Instance sl no 33 class name mamnal

Instance 34 : aO=gull al=1alsc a2=(rue a3=true a4={alse a5=true ab=true a7=true u8=false a9=true al0=truc
al I=lalsc al2=fulse ul3=2 ald=truc al 3=false al 6=falsc

Sclection crileria Tor subsct generation Ad="false' and slno!=34

Class Name: amphibian, [{Product ol all conditional Probability)* P{Class valuc)]: 3.283082255150141E-7
Class Name: bird, [(Product of all conditional Probability)*P(Class valuc)): 0.010805606121365028

Class Name: fish, [(Product of all conditional Probability)*P(Class value)]: 1.0575345921535589E-9

Class Name: insect, {{Product ol ali conditional Probability)*P(Class vaiue}]: 1.4763B08708436907E-8

Class Name: inveriebrate, f(Product of all conditional Probability)*P(Class value)}: 1.88882268216700341-8
Class Name: reptile, [{(Product of at! conditional Probability)*P(Class value)]: 2.1 187322123080154E-7
Instance sl no 34 class name bird

Instance 35 : aD=haddock al=falsc a2=falsc a3=true ad=false a5=false ab=true a7=talse a8=true a%=true
atO=falsc al 1=fulsc al2=truc a?3=0 al4=true al S=false al6=false

Sclection criteria tor subset generation A4="false' and sIno!=35

Class Mame: aniphibian, [(Product of all conditionai Probability)*P(Class value)]: 6.080370948562207E-7
(’lass Name: bird, [(Product of all conditional Probabifity)*P(Class valuc)]: 1.513973101327975E-10

Class Name: fish, [(Preduct of all conditional Probability)*P{Class value)}: 0.014095200481530328

Class Name: insect, [(IProduct of all conditional Probability)*P{Class value)]: 1.219850226886225E-10
Cluss Name: invertebrate, [(Product of all conditional Probability)*P(Class value)]; 1.9260657303940222§:-7
Class Name: reptile, [('roduct ot all conditional Probability *H(Class valuc)]: 4.479420897043281 E-6
Instance sl ne 35 class name fish

Instance 36 : al=hamster al=true a2=[alse al=false ad=truc a5=false ab=falsc a7=rfalse a8=true aY=true a10=truc
al I=falsc al2=lalsc al 3=4 ald=truc al 5=true al6=false

Selection eriteria for subset generation A4="true’ and slno!=36

Class Name: mammal, [{Product of ali conditional Probability)*P(Class value)]: 0.605992334982546086
Instance sl no 36 class name mammal

Instance 37 : a0=hare al=truc a2=false a3=talse ad=true a5=false n6=false a7=lalsc a8=true a%=true alO=true
al I=lalse al2=false al 3=4 aid=t1ruc al 5=false al6=false

Sclection criteria for subset generation Ad4='"true' and slno!=37

Class Name: mammal, [{(Product of all cenditional Probability)*P(Class value)]: 0.0279256052915890:82
Instance st no 37 class name mammal

Instance 38 : a0=hawk al=false a2=(ruc a3=true ad=ialsc a5=true ab="Iaisc a7=truc a¥=1alse a9=true ai0=truc
abl=falsc al2=false a13=2 ald=truc al 5=talse al 6=falsc

Selection eriteria for subset gencration Ad='"false' and slno!=38

Cluss Name: amphibian, [{(Product ofall conditional Probability)*P(Class value}): 8.941160184238083E-8
Class Name: bird, {{Product ol all conditional Probability)*P(Class value)): 0.02707088691457766

Class Name: fish, [(Product of all conditionit Probability)*P(Class value)]: 9.8806151067566098E-11

Clags Name: insect, [{Product of all conditional Probabilityy*P(Class vatue)): 1.957259211632779E-7

Class Name: invertebrate, {(Product of all conditional Probability)*P{Class value)}: 1.4885050300808624E-8
Clags Name: reptile, {{Product ol all conditonal Probability)*P(Class value)]: 6.580532988817348E-7
Instance si no 38 class name bird

Instance 39 @ al=herring al=false a2=fulse a3=truc ad=false aS=falsc a6=truc a7=true a8=true a9=true alU=fulsc
al I=taise ai2=true al3=0 ald=truc al S=talsc ai6G=alsc

Stlection eriteria for subset generation Ad="false’ and slno!=39

Class Nume: amphibiar, [(Product of 21l conditionat Probabilityy*P(Class value)]: 1.32734810643140987C-0
Class Name: bird, [(Prodict of all conditional Probability*P{Class value)]: 1.2871320137552647E-10

Class Name: figh, f(Product ol all conditional Probability)*P{Class valuc)): 0.03305833102626958
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Class Name: inscet, [(Product of all conditional Probability P*P(Class valuc)]: 3.2508698939861324E-11
Class Name: invertebrale, [(Product of all conditional Probability)*P(Cluss value)]: 6.08383271822701E-7
Class Name: reptile, {{Product of ali conditional Probability}*P(Class value)]: 1.21510203520202515E-3
Instance sl no 39 ¢lass name fish

Instance 40 : a0=honeyhee ai=true a2=false a3=true ad=fulse a5=truc at=falsc a7=false aB=talse a9=laisc
alO=true al 1=truc al 2=false al3=06 ald=tfulse al5=true alo=falsc

Selection eritera for subset generation Ad="false’ and slno!=40

Class Name: amphibian, [(Product of all conditional Probability)*P(Class value)]: 2.863733781G988967L-1 |
Class Name: bird, [(Product of all conditional Probability)*P{Class valuc)]: 4.289067143505062084E-13
Class Name: fish, {(Product of all conditional Probability)*P{Class valug)}: 2.2485043211695t64L-10
Class Name: inscet, [(Troduct of all canditional Probability)*P{Class valuc)|: 2.45176§9772050053E-5
Class Name: invertebrate, [{Product of all conditional Prohability)*P(Class value)]: 4.88127726851430674E-9
Cluss Name: reptile, [(Product of all conditionat Probability)*P{Class value)|: 1.241122704098752006E-11
Instance sl ne 40 class name insect

Instance 41 : al=housetly al=true a2=false a3=truc ad=false a5=true nb=faise a7=falsc a8=false aV=lalse
alO=true al l=falsc al2=talse a13=6 ald=false al 5={alsc al6={alsc.

Selection criteria for subset gencration Ad="falsc’ and slno'=41

Class Name: amphibian, [(Product ot all conditional Probabitity)*P(Class value)]: 2.907862076497701E-9
Class Name: bird, {(Product ot all conditienal Prabability)* P(Class value)]: 3.87055464817923551:-10
Class Name: fish, [{Product of all conditional Probability}*P(Class value)|: 3.0247536737444055E-14
Class Name: insect, {(Precluct of all conditional Probability*1MClass valuc)]: (.004744 150425841680
Class Name: invertebrate, [(Product of alf conditional Probability *P(Class value)): 1.09792243010593691-6
Class Name: reptile, [(Product of all conditional Prabability)*P(Class value)]: 7.883062961247058E-10
Instance sl no 41 class nane insect

Instance 42 : a0=kiwi aj=tals¢ a2=1uruc a3=truc ad=false aS=talse ab=false a7=truc a=talse a%=true alO=truc
al i=false al2=false al3=2 ald=truc al 5=falsc al 6=false

Sclection criteria tor subset generalion Ad="false' and sluo'=42

Cluss Name: amphibian, [(Produet of all conditional Probability*P(Class valuc}): 1.0729392221080642E-6
Class Name: hird. [(Product of all conditional Probabilityy*P(Class value)]: 0.007014064481 5904983

Class Name: fish, [(Product ol all conditional Probability)*P(Class value)}: 3.118837657240428E-9

Class Name: insect, [(Produet of all conditional Probability*P(Class value)]: 1.0664941834283874E-7
Class Name: invertehrate, [(Product of all conditional Probability)*P(Class value)]: 3.727734358741639E-7
Class Name: reptile, | (Product of all conditional Probability)y*P(Class value)|: 9.3271902306323719-0
Instance sl no 42 class name bird

Instance 43 : a0=ladybird al=falsc a2=lilse a3=true ad=false aS=truc ab=talsc a7=true aB8=fulsc aY=falsc
alO=truc al [=lalse al2=false a13=0 al4=false a| 5=false alO=false

Scleetion criteria Tor subset generation: Ad="false' and slno'=43

Class Name: amphibian, [{Product ot all condisional Probability)*P(Class value)]: 3.8804638677882810[:-8
Class Name: bird, {{Product of all conditional Probability)*P(Class value)): 8.281401366355433E-9

Clags Name: fish, [{Product of all conditional Probability)*P(Class value)]: 1.05380847765938 1 5E-12
Class Name: inseet, {{Product of all conditional Probability)*P(Class valuc)]: 8.177727571429305E4

Class Name: invertebrate, {(Product of all conditional Probability)* P(Class value)]: 4.60072703495202L%-5
Class Name: repiile, [{Product of all conditional Probability)*P(Class value)]: 1.5631347110460721:-8
Instmce sl no 43 class nmne insect

Instance 44 : a0=lark al={alse a2=true a3=true ad=talse a5=lruc ab=fulsc a7=falsc aB=talse ab=true al 0=true
al I=lalse u12=falsc a13=2 ul4=truc al 3=false alo=false

Seleetion eriteria lor subset generation Ad='false’ and stnol=44

Class Name: ampbibian, {[{Product of all conditional Probability}*P(Class value)}: 4.09984900600899321:-8
Class Name: bird, [{(PProduct of all conditionat Probability*P(Class value)]: 0.03236607 138707856

Class Name: fish, [(Produet of all conditional Probability)*P{Class value)]: 4.7740001997745081:-1 |

Class Name: inscet, ((Product of all conditional Probability)*P(Class value)): 7.34438218400299712-7
Class Name: invertebrate, | (Produet ol a1l conditional Probability)*P(Class value}): 4. 7108730907 [ 745513-9
Class Namue: replite, [(Product of alt conditional Probability)* P{Class value)): 2.42576510176(H 200E-7
Instance sl no 44 class name bird

Ingtance 45 : a0=leopard al=trus a2=false ad=false ad=truc aS=false ab=lulse a7=true aB8=true a9=true ald=lrue
al 1=lulsc al2=tulse u13=4 al4=wuc al 5=false alo=tiuc

Selection criteria for subset generation Ad="truc' and slno'=45

Class Name: nanmimal, [(Product of all conditional Probability)*P(Class value)): 0.11410413841482463
Instanee sl ne 45 class name mamnmal

Instance 46 : a0=lion al=true a2=lalsc a3=false ad=true aS=falsc ab=Iulse a7=truc a§=true a%=true al O=true
al I=talse ul2={uls¢ al 3=4 ald=truc a! 3=fals¢ alo=true

Selection criteria for subsct generation: A4="truc’ and slno!=46

Class Name: mammal, [{Product of all conditional Probability)*P(Class value)k: 0.114194 13841482463
Instance sl noe 46 class name mammal

Instance 47 : aO=lobster al=talsc a2=false a3=true ad=talsc a3=faise a0=truc a7=truc af=talse aY=rlalsc al 0=lalsc
al [=false al2=lulsc a1 3=0 ald=lalsc al 5=falsc al b=false

Suleetion eriteria for subset generation Ad="false’ and slno!=47

lass Name: amphibian, [(Product of all conditional Probability)*P(Class value)]: 1.225684151787903E-7
Class Name: bird, f(Product of all conditional Prebability* P(Class value)]: 2.25721576163091561:-11
Class Name: fish, {(Product of all conditienal Probability)*P(Class value)]: 3.01945653030929471:-9

Class Namw: insect, [{'roduct of all conditional Probability*P(Class valuc)|: 3.898702051557985E-0

94



Appendix

Class Name: invertebsate, [{Product of'all conditional Probability)*P(Class value)]: 9.451274048901598-4
Class Nume: repiile, |{I"roduct of all conditional Probabilityy*P(Class value)]: 1.78976080190)6420T:-8
Instantce sl no 47 ¢lass name inverebrate

Instance 48 : aO=lynx al=truc a2=falsc a3=false ad=true aS=lalse ad=talsec a7=true a8=true a9=truc a 10=true
all=false al2=false al3=4 ald=true al 5=lalse al6=truc

Selection criteria for subset generation A4="true’ and slno'=48

Class Name: mammal, [(Product of all conditional Probability)*P(Class value}]: 0.11419413841482463
[nstance si no 48 class name manumal

[nstance 4% : a0=mink al=true a2=falsc ald=false ad=true a5=false ab=true a7=true a8=truc a9=true al0=true
al [=falsc al 2=false a1 3=4 ald=true al 5=false al 6=true

Sclection eriteria for subset generation Ad='true’ and sino!=49

Class Name: mammal, [{Product of all conditional Probability}*P(Class value)]: 0.01844973324720109
Instance sl o 49 class name mammal

Instance 50 : a0=mole at=truc a2=false a3=false ad=truc a5=falsc ad=falsc a7=truc a8=true aY=truc al)=truc
all=false al 2=talse al3=4 al4=true al 5=Ialse ai6=falsc

Selection eriteria for subset generation Ad="truc' and slno!=50 .

Clags Name: mammal, [{(Product of al! conditional Probability)*P(Class value)]: 0.0326883409398308
Instance si o 30 class name mammai .

Instance 31 a0=mongoose al=truc a2=false a3={alsc ad=true a5=false ad=falsc a7=true a8=true a%=true
alO=true al I=false al2=fulsc ai3=4 al4=true alS5=false sl6=truc

Sclection criteria for subset generation Ad="true’ and slno!=51

Class Name: mammal, [(Product of all conditional Probability)*P(Class vaiue)]: 0.11419413841482463
Instance sl no 51 class name mammal

tnstance 52 : afl=math al=truc 02=false a3=true ad=false a3=truc ab6=Tulsc a7=false a8=fulsc aB=talsc a10=vuc
al l=tulse al2=false al 3=b ald=talsc al 5=falsc al 6=falsc

Seleetion criteria for subset generation Ad4="false' and slno!=52

Class Name: amphtbian, [(Product of'all canditional Probabitity)*P(Class value)]: 2.907862076497701E-9
Class Name: bird, [{Product ot all conditional Probability)*P(Class vatue)]: 3.87055406481 792355E-10

Class Name: fish, [(Product of alt conditional Probabitity)*P(Class value}]: 3.0247536737444055E-14

Class Name: insect, {{Product of all conditional Probability)*P(Class value)]: 0.004744{59425891686

Class Name: inveriebrate, [{(Product of all conditional Probability)* P(Class value)): 1.097922430103936%E-6
Class Name: reptile, [{Product ot all conditional Probability)*P(Class vaiue)]: 7.883062961247058E-10
Ingtance st no 52 class name insect

Instance 53 : aO0=newt al =false u2=12lse a3=true ad=false a5S=talse a0=trugc a7=true aB=true a9=truec ai=nuc
all=fulsc al2=lulsc al3=4 al4=1ruc ul5=lalsc al 6=talse

Sclection eritersa for subsct generation Ad="false’ und slno!=53

Class Name: amphibias, [(Product of all conditionat Probability)*P(Class value)]: 0.0011814933987807443
Class Name: bird, [(Product of all conditional Probability)*P{Class value)|: 7.905003353710083E-7

Class Name: fish, {(Product of all conditional Probability)*P(Class value)}: 3.322727637184338E-5

Cluss Namwe inseet, [{(Product ol all conditional Probability)*P{Class value}|: 3.95285876760603897E-8
Class Name: invertebrate, [(Product of all conditional Probability)* P(Class value)]: 5.37859221892203255:-6
Class Name: reptile, |(Product ot all conditional Probability)*IX(Class value}): 8.028012647988595E-4
Instance sl ne 53 class name amphibian

Instance 54 @ al=octopus al=talsc a2=falsc al=truc ad=false a5=falsc ab=true a7=1rue aB=falsc a9=falsc
alO=falsc al 1=falsc al2=false al 3=8 al4=tulse al 5=ialse al 6=true

Selection criteria for subsct generation Ad='talse' and sino=54

Class Namce: amphibian, {(Preduct o all conditional Probability)* P¢Class value)}: 2.28751816522927545-9
Class Name: bird, [(Product ol alt conditional Probability)*P(Class value)}: 1.13789684969048213-12

Class Name: fish, [{Product ot 2}l conditional Probability*P(Class valuc)]: 1.6111724568844062E-10

Cluss Name: msect, [(Preduct of alt conditional Probability)*P(Class value)]: 8.9887717206986731:-14)

Class Name: invertebrate, [(Product of all conditional Probability)*P(Class value)]: 7.70392654967336£-5
Class Name: veplile, [(Product of all conditional Probability)* P(Class value)]: 7.22429514569673EE-10
Instance sI no 54 ¢lass name inveriebrate

Instance 33 : a0=apossum al=wue a2=false ad=talsc ad=truc aS5=false ab=fals¢ a7=true aB=vue a9=truc all=true
al 1=false al12=talse a13=4 ald4=truc al S=falsc al G=talse

Scleetion eriterfa Tor subsel generation Ad="true' and slno!=55

Class Name: mammal, {(Preduct ol all conditional Probability)*P{Class value)}: 0.03268834093983068
Instance sl no 33 class name mammal

Instance 56 : al=oryx al=true a2=false a3=lalsc ad=truc aS=lulsc ao=falsc a7=falsc al=truc a9=true al0=wruc
all=faise a12=[alsc a13=4 al4=truc al3=talse al 6=truc

Sclection eriterfa for subset generation Ad="truc’ and sluo!=56

Class Name: mammal, {(Product of all conditional Prabability)*P(Class value}]: 0.09755589743311713
Instance s! no 56 ¢lass name mammal

Instunce 37 @ al=ostrich al=talsc a2=rue ad=true sd=falsc aS=false a6=ftalsc a7=tulsc aB=false aV=truc al U=truc
al l=talse al2=false al3=2 ald=truc al 5=false al 6=truc

Selection criteria tor subset generation Ad="falsc' and slno!=57

Class Name: amphibian, [(Product of all conditional Probability)*P(Class vaiue)]: 8.20375826174376YE-8
Class Name: bird, [(Product of all conditional Probabitity)*1(Class valuc)]: 0.0039271894483601365

Class Name: tish, {(Product of all conditional Prabability)*P(Class value)j: 7.2368006730055158E-10

Class Name: insect, | (I'roduct of all conditional Probability)*P{Class value)]: 3.773714380877973F-8

Class Name: invertebrate, | {(Product of all conditional Probability*P(Class value)]: 2.1683453037253190E-8
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Class Name: reptile, [(Product of all conditional Prababilily)*P(Class value)]: 1.2490547954341595E-6
Instance sl no 57 class name bird

tnstance 58 : a0=parakeet al=false a2=true a3=true ad=false aS=true ab=talse a7=lalse a8=faise a¥=tue atO=1rue
al 1=talsc al2=falsc a13=2 al4=tuc al3=truc al 6=lalse

Selection criteria tor subset generation Ad="lalse’ and slno’=58

Class Name: amphibian, [(Product ot all conditional Probabitity)* P(Class value)]: 1.714222603521923E-9
Clasgs Name: bird, [(Product ot ali conditional Probability)*P(Class value)]: 0.004086809464998421

Class Name: fish, [(Product ot all conditional Probability)*P(Class value)]: 4.308413571848901E-12

Class Name: insect, [(Product of all conditional Probability)*P(Class value)]: 1.04199472064196475E-7

Class Name: invertebrate, [(Produict of alt conditional Probability}*P(Class value)]: 9.6304049554700908-1 1
Class Name: reptile, [(Product ot all conditional Probabilityy*P{Class value)): 8.637739234754 | 381-4
Instance sl no 58 class name bird

Instance 59 : aU=penguin al=tfalse a2=true a3=true ad=ralse a5=falsc ab6=true a7=true a8=fulse a9=true a l0=truc
al t=false al 2=fulse al3=2 ald=truc al 5=falsc al 6=truc

Selection criteria tor subset generation A4='false' and slno'=59

Class Name: amphibian, [(Product of all conditional Probability)*P(Class value}|: 6.617402670537004E-7
Class Name: bird, [{Product ot all conditional Probability}*P(Class valuc)]: 0.0013111156381717048

Class Name: fish, [(Product of all conditienal Probability)*P(Class value)]: 1.60309449801122641:-8

Class Name: insect, [{P'roduet of all conditional Probability)*P(Ctass valuc)]: 7.585988288021648T:-10

Class Name: inverlebrate, {(Product of all conditional Probability)* P{Class valuc)): 8.6939726274550641:-8
Class Name: reptile, [(Product of all conditional Probability }*P(Class vatue)]: 1.090959973043013E-6
Instance si no 39 class name bird k
Instance 60 : a0=plicasant al=lulse a2=true ad=true ad=talse aS=true ab=false a7=talse a8=talse a%=true al0=1ruc
al I=falsc al2=false al3=2 al4=lruc al 5=faisc al 6=false

Selection eriteria for subsct generalion A4="false' and slno!=6(

Class Name: amphibian, [{(Product of all conditional Probabilityy*P(Class value)]: 4.099849060089932F-8
Class Name: hird, [{Product of all conditional Probability)*P{Class value)]: 0.03236607 138797850

Class Name: fish, [(Preduct of all conditional Probability)*P¢{Class value)}: 4.774000199774508E-11

Class Name: insect, [{(I'roduct of all conditional Probabiity *P(Class value)]: 7.344382184602097E-7

Class Name: invertebrate, | (Product of all conditional Probability)*P(Class value}]: 4.7108730007174351-9
Class Name: reptile, [(Product of all conditional Probabitity)*H{Class value}]: 2.42576510t7601206E-7
Instance 51 1o 60 class name bird

Ilnsiance 61 : ab=pike al=talsc a2=falsc a3=true ad=false aS=false ab=true a7=truc a8=true a%=true alO=lalsc
al I=lalse al2=truc al 3=0 al4=truc al S=false al 6=truc

Selection eriteria lor subset generation Ad='talse' and slno!=61

Class Name: amphibian, j(Preduct ot all conditional Probability)*P{Class value)): 2.229530119746338E-7
Class Name: bied, [(Product of alf conditional Probability)*P(Class value)}: 5.839765617963701L-11

Class Name: ish, [{Product of ail conditional Probability)*P(Ciass value)]: 0.013991793614188066

Class Name: insect, [(Product of ail conditional Probability)*P{Class value)): 3.0655132772237646K-12
Class Name: invertehrate, [(Product of all conditional Probahility)*P(Class vaiue)]: 1.11854237700543K71:-7
Class Name: reptile, [(Product of all conditonal Probability)* P(Class value)}: 4.4144558921048195-0
Instance sl no 61 class name tish

Instance 02 : a0=piranha al=falsc a2=lalsc al=true ad=talse a5=faisc ab=true a7=truc a8=true a9=true al{=lalse
al l=fzlse al2=true al 3=0 al4=true al 3=false al6=false

Selection criteria for subset generation Ad4="talse' and slno!=062

Class Name: amphibian, [{Produet ol all conditional Probability)y*P(Class value)]: 1.32734816431409871:-6
Class Name: bird, [(Product of all conditionat Probability)*P{Class value)): 1.28713201375520471:-10

Class Name: fish, [(Preduct of all conditional Probability)*P{Class value)): 0.03305833102626958

Class Name: insect, [(Product of all conditiona) Probability)*P(Class value)}: 3.2508698939861324E-11
(lass Name: invertebrate, [(Product of all conditional Probability)*P(Class value}]: 6.08583271822701 -7
Class Name: reptile, |(Product of ali conditional Probability)*P(Class value)}: 1.2151620520202515E-5
Instance sl ne 62 class name fish

Instance 63 :aO=pitviper a)=lalse a2=talsc a3=true ad=falsc aS=falsc ab=luisc a?=true aB=true a9=truc al0=tuc
al [=tree al2=false a!3=0 ald=truc al5=ralse al 6=false

Selection eriteria for subset gencration Ad="lalse” and slnol=63 .

Class Name: amphibian, |(I'roduct of all conditional Probability)* P(Class vatue)]: 2. 10086001531 7619213-5
Class Namc: bird, [(Praduct of all conditional Probability ™ P(Class valuc)): 6.8714274970862491E-9

Class Name: fish, [{Product of all conditional Probability}*P(Class value)]: 4.60443020436709641:-6

Class Name: insect, [(Product of all conditional Probability)*P(Class value)]: 8.50510934152089512-8

Class Nume: invericbrate, [{Product of all conditional Probability)*P(Class value)}: 2.352231002307220E-0
Class Name: reptile, {(Preduet o all conditional Probability)*P(Class value)]: 3.702073630540879[2-4
Instance sl 130 03 class name reptite .

Instance 64 : aD=platypus al=true a2=false a3=true a4=truc a5=falsc sb=truc a7=true a8=falsc a=irue al O=truc
al I=thlge al 2=false al 3=4 ald=wuc al S5=fuls¢c al b=tr4e

Stleetion eriteria for subset generation Ad="trug’ and slnal=64

Class Name: mammal, [(Product of 2l conditional Probability)*P(Class vatue)]: 1.042834461678%7231:-5
Instance sl no 64 class name mamnal

Instance 05 1 al=polecat al=true a2=lalse al=lalse ad=true a5=false at=talse a7=true a8=truc a9=true a1 0=truc
al | =false al2=false al 3=4 al4=truc al3=false al 6=truc

Sclection criteria for subset generation Ad="truc' and slno!=65

Class Name: mammal, [(Product ol all conditional Probability*P(Class value)]: 0.1 14104138414824063
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Instance sl no 65 class name mammal

Instance 06 : al=pony al=truc a2=false al=false ad=true a5=falsc ab=false a7=false a¥=true a9=true al=truc
al Y=false al2=falsc al3=4 ald=(rue al5=truc al 6=true

Selection criteria for subset generation Ad='true’ and slno!=060

Class Name: mammal, {(Product of all conditional Probability)*P(Class value)]: .020933749182447184
Instance sl no 60 class name mammal

Instunce 67 : a=pompnise at=(alse a2=(alse a3=faise ad=true a5=false a6=true a7=true a8=truc a9=true al=lruc
al I=talse al 2=wue a1 3=0 ald=1rue al 3=false al 6=truc

Selcction eriteria for subset generation Ad="true' and slno!=07

Class Nume: mammal, [(Product of all conditional Probability}*(Class value)]: 7.113254948545375E-6
Instance sl no 67 class name mammal

Instance 68 : a0=puma al=true a2=talse a3=talse ad=true a5=talsc ab6=Talsc a7=true ad=true aY=true alG=truc
al |=fulse al2=falsc al3=4 al4=truc ai S=talse al 6=truc

Selection eriteria for subset gencration Ad4="truc' and slno!'=68

Class Name: mammal, {(Product ot all conditionai l’robab:hly)*P(Class value)]: 0.11419413841482463
instance st no 08 ¢lass name mammal

instance 69 : a0=pussycat al=true a2=falsc a3=false ad4=true a3=falsc aG=falsc a7=truc a8=true a¥=true aiO=truc
al I=false alZ2=laisc a13=4 ald=truc al 5=1rue al6=truc

Selection criteria for subset generation Ad4="truc' and slno'=69

Class Namie: mammal, {(Product of all conditionat Probability*P(Class value)]: 0.024 50401784 597897
[nstance sl no 6Y class name manwmal

Instance 70 : a0=raccoon at=true a2=lalsc ad=falsc ud=true u5=falsc av=false a7=truc al=tru¢ a%=truec ol 0=truc
al 1=taulse ai2=talsc al 3=4 al4=truc al 3=falge al 6=truc

Sclection criteria for subset generation Ad="true' and slno!=70

(lass Name: mammal, | (Product of all conditional Probability)*P{Class value)]: 0.1 141941384 1482403
Instance sl no 70 class name mammal

Instance 7} : al=rcindeer al=true u2=lalse al=false ad=true a3=false a6b=Ialse a7=fulsc a¥=true 29=true ali=lrue
al 1=1false al2=talse 013=4 al4=trac al 5=truc alo=true

Sclection eriteria for subsct generalion Ad="true’ and slno'=71

Class Name: mammal, [(Product of all conditional Prabability)*{Class valuc)]: 0.02093374G1 82447184
Instance sl no 71 class name mamimal

Instance 72 : a0=rhca al=false a2=true ad=wue ad=lalse n3=falsec a6=talse a7=true a8=false aO=true alH=true
alI=fulse a12=fulse a13=2 ald=true al 5=fulse al 6=tiuc

Seleciion criteria for subset gencration Ad="false' and slno!=72

C'lass Name: amphibian, [(Product ol all conditional Probability}*P(Class value)]: 1.8022025996356096-7
C'luss Name: bird, §{(Product of all conditional Probability)* P{Class value)}: 0.0032846897040512174

Class Name: fish, [{Product of all conditional Probability)*P{Class valuc)]: 1 4977817207696013E-9

Class Name: insect, [(Product ol all conditional Probability)*P{Class value)]: 1.0056853045486980E-8
Class Name: invericbrate, [{Product of all conditional Probability)*P(Class value}|: 6.8513694735765291:-8
Class Name: reptile, {(Product of all conditional Prebabihty)*P{Class value)}: 3.3883933280304755E-6
nstance sl no 72 class name bird !

Instance 73 : al=scorpion al=talse a2=false a3=false ad=false ad3=fulse u6=falsc a7=true aB=false aY=false
alO=true al | =truc al2=false al 3=8 al4=true al 5=falsc al6=1false

Selection criteria for subset generation A4="false' and slno!=73

Class Name: amplubian, [(Product ol al) conditional Probabilityy*P{Class value)]: 1.37223868197972528-9
Class Name: bird, | (I'roduct of all conditional Probability)*P(Class value)]: 3.29312663069770950613-12

Class Name: fish, {(Product of all conditional Probability)*P(Class value)]: 5.105589351587015E-13

Class Name: insect, | (Product of ail conditional Probability)¥P(Class valuc}]: 1.2876892544882556E-8

Class Name: invertebrate, [(Product of all conditional Probabilityy*P(Class value)]: 6.897540216171643E-7
Class Name: reptile, [(Product of all eonditional Probability)*P(Class valuc)]: 4.9755232658313476E-8
nstance sl no 73 class name invertebrate

Instance 74 : al=seahorse al=falsc a2=false a3=true nd=talse aS=talsc ab=true a7=false aB=true aY=true
alO=lalse al =false ul 2=true al3=0 al4=true al S=talsc al 6=faise

Selection criteria for subsel generation Ad="false' and slno!=74

Cluss Name: amphibian, [(Product of all conditional Probability)*P(Class valuc)]: 6.08637694856220712-7
Class Name: bird, {(Produet of all conditional Probability)*P(Class vatue)]: 1.5139731013279751-10

Class Name: Iish, [{Product of ali conditional Probability)*P(Class value)}: 0.014095200481530328

Class Name: insect, H{Product of all conditional Probability)*IP(Class value)i: 1.219850220688022512-10
Class Name: ivertebrate, [{(Product of all conditional Probabiiity)*P{Class valuc)]: 1.9260657393%49222[:-7
Class Name: reptile, {(Product ot all conditional Probability)*P(Class value)]: 4.47942089764 3281 -6
Instance st no 74 class name fish

Instance 75 : al=scal al=true a2=false a3=false ad=true aS5=false ab6=true a7=truc a8=true a9=truc al0=truc
al I=lalse al2=truc al3=0 al4=tulse ul 5=(alsc alb=true

Sclection crieria lor subsct gencration Ad='true’ and slno!=75

Class Name: mamimal, [{Produet of all conditional Probability)*P(Class value)]: 2.0013032511514483E-3
Instance sl no 75 class name manmmal

Instance 76 : ab=scalion al=true a2=(alse a3=falsc ad=truc a5=faisc a6=true a7=truc a=true aY=true al0=truc
al I=fulse al 2=true a1 3=2 al4=truc al 5=lalse a| 6=truc

Selection eriteria for subset generation: Ad="true’ and slno!=76

Class Name: mammal, [(Product oF all condigional Probability)*P(Class value)]: 3.4497815243484067E-4
lstance s1no 76 class name mammal
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Instance 77 : ul=scasnake al=falsc a2={alse ad=lulsc ad={alse n5=talsc a0=truc a7=true ag=true a%=truc
alO=false al [=true al2=lalsc al3=0 ald=true al 5=falsc al6=false

Seleclion criteria for subset generation Ad="talse' and slno'=77

Class Name: amphibian, [{(Product of all conditional Probability)*P(Class valuc)]: 8.787094426898939E-7
Class Name: bird, [(Product of all conditional Probability)*P(Class vatue)]: 2.164238091425185E-12

Class Name: fish, [{Product ot all conditional Probability)*P{Class value)]: 2.4413461698092753E-5

Class Name: insect, [(Produet of all conditional Probability)*P(Class value)]: 2.3979649220042005E-11
Class Nuime: invertebrate, [(Praduct of all conditional Probability)*1%(Class value)): 8.639029117056573E-7
Class Name: reptile, | (Product of all conditional Probabitity)*P(Class valuc)]: 1.0423518901583009E-0
Instanee sl no 77 ¢lass name fish

instance 78 : al=seawasp al=false a?=fulsc a3=irue ad=false a5=false ab=trie a7=truc a8=false a¥=talse
alO=false all=true al 2=false a13=0 aid=false al 5=false alo=false

Selection criteria for subsct generation Ad4="false' and sino=78

Class Name: amphibian, [{Product of all conditional Prebability)*P(Class value)]: 7.0569693587791041:-8
Class Name: bird, [(Product ol all conditional Probability)*P(Class value)): 3.5309478216438856E-13

Class Name: fish, [(I'roduct of all conditional Probability)* P(Class valuc)]: 1.8570530336699935E-8

Class Name: inseet, [(Product of all conditional Probability)*P(Class value)]: 5.7242307203779086E-8
Class Name: mvertebrate, |(Product of all conditional Probability)*P(Class value)]: 3.553197744283736F -4
Class Name: reptile, | (Produet of all conditional Probability)*P(Class value)]: 1.5123397108557308E-7
Instance sl no 78 class name invertebrate

Instance 79 alk=skimmer al=false a2=true a3=true ad=false a3=true ab=true a7=truc a8=false a%=truc alU=true
al i=lalse al2=lalse a13=2 ald=truc al S=fulse al 6=false

Scleetion eriteria for subset pencration Ad="lalse’ and slno!=79

Class Name: amphibian, [{Product ot all conditional Probability y*1(Class value)]: 3.283082255130141E-7
Class Name: bird, [(Product of all conditional Probability)*P(Class value)]: 0.01080560612 1365028

Class Name: fish, [{I'roduct ot all condinonal Probability)*P{Class value}]: 1.0575345921535580E-9

Class Name: inscet, [(Product of all conditional Probability)*P(Class valug)]: 1.4763808708436907E-8
Class Name: invertehrate, [{Product of all conditional Prabability)*P(Class value)}: |.8888220821670034L-R
Class Name: reptile, [(Product of all conditional Probability)*P(Class value)): 2.1187322123086154[:-7
Instance sl no 79 class name hird

tnstance 80 ; a0=skua al=falsc a2=truc a3=true ad=false aS=true ab=true a7=true a8=fulsc a9=true alO=true
all=falsc al2=fulse ul3=2 ald=truc aiS=falsc al 6=lalse

Scleetion eritevia for subsct generation Ad="false’ and slnot=80

Class Nume: amphibian, [{Product of all conditional Probability)*{(Class value)]; 3.2830822551501412-7
Class Name: bind, [(Product af all conditional Probability)*P(Class value)): 0.010805606121365028

Class Name: fish, [(Product of all conditional Probability)*P(Class value)]: 1.05753450215355891:5-9

Class Name: inseet, [(Product of all conditional Probability*P(Class value)]: §.4763808708436907C-8
Class Name: invertebrate, [(Produet ot all conditional Probability)*PF(Class value)]: 1.8888220821670034 3-8
Class Name: reptile, [(Product of all conditional Probability)*P(Class value)): 2.1187322123086154E-7
Instance st ne 80 class name hivd :

instance 81 : al=slowworm al=falsc al=false ad=true ad=Ilalsc a5=fulse ab=falsc a7=true a8=truc a%=true
al0=true ai 1=falsc al2=false al 3=0 al4=truc al5=falsc al 6=1alsc

Sclection criteria for subset gencration Ad="false’ and slno!=§1

Class Nome: amphibian, [(Product of all conditionat Probability Y*P(Class value)]: 8.919440766787084[:-5
Class Namu: bird, [(Product of all conditional Probability)*B{Class value)): 1.0710426805454547 156

Class Name: {ish, [(Produei ot all conditional Probabilityy*P{Class valuc)]: 5.6383456389829961-5

Class Name: inscet, [(Product of all conditional Prebability)*P(Class value)}: 3.1158905251179346E-7
Class Name: invertebrate, [(Product of all conditional Probability *P(Class value)|: 1.0815870055468741:-5
Class Name: reptile, | (Product of all conditional Probability)*P(Class value)]: 0.001247014275550612
Instance st no 81 ¢lass name repulc

Instance 82 : a0=siug al=falsc a2=false al=truc ad=falsc a5=talsc u6=false a7=talse aB=false a9=falsc alO=true
al 1=talsc al2=false at3=0 a14=faisc alS5=talsc al G=false

Seleetion eriteria for subsel generation Ad="false’ and slnot=82 .

Class Name: amphibian, [(Product ot all conditional Probability)*1%Class value)|: 5.219381644608880[:-7
Class Name: bird, {(Product of all conditienal Probability}*P(Class value)]: 7.9852463406666202E-%

Class Name: fish, [{I*roduct ol all conditional Probabitity*(Class vatue)]: 1.200039895781160215-0

Class Name: insect, [(Product of all conditional ProbabilityY¥*P(Class valuc)|: 2.498514050877982F-4

Class Nome: invertebrate, [{roduct of ail conditional Probability)*?(Class value)): 2.086034507742243312-4
Class Name: replile, [(Product of all eonditional Probability)*P(Class value)): 1.560845015567689E-0
Instance sl no 82 class name imvertcbrate

Instance B3 : ab=sole al=false a2=false al=true ad={alsc a5=fulsc a0=true a7=lalse aB=true a9=true u | G=lalsc
ali=false al2=wuc ai3=0 ald=true al 5=falsc al 6=lalse

Selection criteria for subsel gencration Ad='false' and slno!=83

Class Name: amphibian, [{Preduct of all conditional Probability)*F(Class value)}: 6.086376948562207-7
Class Name: bird, [(Product of all conditional Probability)*P(Class value)}: 1.513973101327975E-10

Class Name: fish, [(Product ot all conditional Probability)*P(Class value)]: 0.014095200481530328

("lass Namw: insect, | (Produet o all conditional Probability)*P{Class value)): 1.2198502268802251:-10
Class Name: invertebrate, [(Product of all eonditional Probability)*P(Class value)]: 1.92606573930492221:-7
Class Name: reptile, [(Product of all conditional Prabability*P(Class value)]: 4.4794 208970643281 -0
[nstance s no 83 ¢lass name iish
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Instance 84 : al=sparrow al=tulse a2=lroc a3=true ad=false a5=1rue ab=talse a7=falsc aB=talsc a¥=true a lO=truc
al I=false al2=[alsc al13=2 al4=true al5=false al O=false

Sclection criteria lor subset generation Ad='false' and sino!'=84

Class Name: amphibian, [{Product of all eonditional Probabilityy*P(Class valuc)]: 4.0998490600894321:-8
Class Name: bird, [('roduct of'all conditional Probability*P(Class value)]: 0.032366071 38797856

Class Name: fish, [{I'roduct of all conditional Probability)*P{Class value)|: 4.774000199774508E-1 ]

Class Name: insect, [(Product of all conditional Probability)*P(Class value)]: 7.344382184602007E-7

Class Name: invertebrate, [(Product of all conditional Probability)*P(Class value)}: 4.7108730907174556-9
Class Name: replile, [{Product of all conditional Prabability)*P(Class value)}: 2.425765101760120065-7
[nstance si no 84 class name bird

Instance 85 : a0=squnTel al=true a2=false a3=falsc ad=true aS=false ab={alsc a7=false a8=true a9=wruc alG=truc
al I=thlse ai2=false ai3=2 ald=true al5=lalsc al G=Ialsc

Selection criteria for subset generation Ad="truc' and slno'=3§5

Class Name: mammal, [(Product ol all conditional Probabiliey)*P(Class value)]: 0.005923006267082501
Instance sl no 85 class name mammal

Instance 86 : a0=starfish al=falsc a2=fulsc a3=true ad=talse aS=ialse ab=true u7=true u8=lulse a9=false
alO=false al 1=fulse al 2=false al 3=5 al4=tulsc a]5=fatsc al b=false

Selection eriteria for subset generation Ad4="talse' and slno!'=86

Class Name: amphibiaa, [{(Product uf all conditional Probahility)*P(Cluss value}]: 4.0856138392932171:-6
Class Name: bird, |(Product of all conditionat Probability)* P(Class velue)|: 2.7588 1930088223039

Class Name: fish, [(Product ol all conditional Probability *P(Class valuc)]: 2.51021377525774576-7

Class Name: insect, |(Product ol'all cenditional Probability)**(Class value)]: 4.7661394273324KE-6
Class Name: inveriebrate, [(Product of all conditional Probabilityy* P{Class value)|: 0.0088 10509706603 187
Class Name: reptile, [(Product of all canditienal Probability)*P(Class value)]: 6.960181129617499E-7
Instunce sl no 80 class name invertebrate

Instance 87 @ all=stingray al=lalsc a2={ulse ad=true ad=lalse us=falsc a6=truc a7=truc a8=1rue a¥=true al O={aise
all=true al2=truc al3=0ald=iruc aiS5=lalsc al6=truc

Selechion criteria for subset gencration Ad="false’ and sino!=§7

Class Name: amphibian, [(Product of all conditional Probability)*P{Class valuc)]: 5.251372596006745E-8
Class Nume: bud, [{Product ot ali conditional Probability)*P(Class valuc)]: 3.74343049869468E-13

Class Name: fish, [(Product of all conditional Probability)**(Class valuc)|: 1.52558497350966713-4

Class Name: insect, [(Product ol all conditional Probability)*P(Class valuc)]: 8.367600016911806E-13
Class Name: invertehrale, [(Product of all conditional Probability ¥P(Class value)]: 2.4326023241057305E-8
Class Name: reptile, [{Product of all conditional Probability*P(Class valuc)]: 3.951846200228164F-6
Instance s no 87 class name tish

Instance 88 : al=swan al=lalsc a2=true a3=truc ad=lalse aS=wrue ab=true a7=talse a8=talse uY=true al0=truc
ul F=talse al2={alse a1 3=2 ald=truc al 5=fulsc al 6=true

Selection criteria for subset generation Ad="false' and slno!=88

Class Name: amphibian. [(Product ol all conditional Probability)*P(Class value}]: 2.5286239472783071:-8
Class Name: bird, [(I'roduct of all conditional Probability)* P(Class value)]: 0.00536106635149106461

Class Name: fish, [(Product of all conditional Probability)* P(Class valuc)]: 2.4538543825761675E-10

Class Name: inscet, [(Product ol all conditional Probability)*P(Class value)]: 5.2240694891048054E-9
Cllass Name: invertebrate, |[(Product of all conditional Probability ¥ P{Class valug)): 1.098088848524 5400F-9
Clags Name: repule, [{Product ol all conditionat Probability)*P(Class value)|: 2.837309589461078[5-8
Instance sl ne 88 class name bird

Instance 89 - a0=tcrmite al=lalse a2=falsc ad=truc ad=fulsc a3=false ab=rulse a7=false ak=false a¥=ralsc
alO=lrue al I=faise ai2=falsc a) 3=6 al4=false alS5=falsc alo=fulsc .

Selection criteria for subset generation Ad='talse’ and slno!'=89

Class Name: amphibian, J(Product ol all conditional Probability)*P(Class value)|: 2.13520158188545425-7
Class Name: bird, [(Product ol'all conditional Probability)*I(Class value): 3.266691687272537E-9 '
Class Name: lish, [(Product of all conditional Probability}*P(Class value)i: 1.607 1962889920625E-11

Class Name: inscet, [{(Product of all conditional Probability)*P(Class valuc)]: 0.002360675483556081

Class Name: mvertebrate, [(Produet ofall conditional Probability)*P(Class value)]: 3.64640634674687413-3
Class Name: reptile, |(Prodiet of all conditional Probability)*P{Class value)]: 8.167212200761 162E-%
Instunce st ne 89 class name insect

Instange 90 u0=10ad ai=lalsc a2=false a3=truc ad=fulse aS=lalsc ab=true a7=false aB=truc a9=truc alO=lruc
al I=fulse al2=lalse al 3=4 ald=falsc al5=talse alb=false

Selection eriteria for subset generation. Ad="lalse’ and sino!=90

Class Name: amphibian, [(Product ol all conditional Probabilityy*P(Cluss value)]: 5.66539990701272215-4
Cllass Name: bird, [(I'roduct of all conditional Probability)*P(Cluss value)]: 2.1643767133616308E-8

{lass Name: fish, [(Product ol all conditional Probahility)*P{Class valuc)]: 5.54363508200439515-7

Class Name: msect, [{Product of all conditional Probability)*P{Class value)]: 8.518741321039025-7

Class Nume: mvericbrate, [{Product of all conditional Probability)*P(Class value)]: 6.5206612508743344F-6
Class Name: reptile, [(Preduct of all conditional Probability *P(Class value)}: 2.28370185460823E-5
Instunce sl no 90 class name anphibian

Instance 91 : ad=tortoise al=lalse a2=ialse a3=true ad=false aS=talsc ad=1ulse a7=false a8=(uise a9=true
wtO=true al 1=lalse al 2=1alse al3=4 al4=true al5=tulse s16=truc

Seleehion eriteria lor subset generation Ad="false' and sino!=91

Class Nuame: amphibian, [(Product ol alt conditional Prebability * P{Class value)]: 1.1 100870409965 1885-3
Class Name: bird, {(Product of all conditional Probabilityy*P(Class value)): 1.666028009814851213-5

C'lass Name: fish, |(Product of all conditional Probahility)*P(Ciass valuc)]: 3.956804651392507E-8
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Class Name: insect, [{Product ol all conditional Probability)*P(Class vakic)}]: 1.35670379361119E-6

Class Name: invericbrate, [(Product of all conditional Probability*P(Class value)]: 2.2 148727554246885E-0
Cluss Name: reptile, [{Product ot all conditionat Probabilityy*P(Class value)]: 7.399054224539) 14E-6
Instance st no 91 ¢lass name bivd

Instance 92 : a0=tuatara al=false a2=fulse a3=true ad=false aS=false a6=false a7=truc aB=true a9=true alO=truc
al I=false al2=lulsc al3=4 uld=1ruc al 5=falsc al6=falsc

Selection eriteria for subset generation A4='false' and sino!=02

Class Name: amphibian, {{Product of all conditional Probahilityy*P(Class value)]: 9.0086702805842006E-4
Class Name: bird, |(Product of all conditional Probahility)*P(Class value)]: [.B0281270514462791:-6

Class Name: fish, [(Product of all conditional Probability *P{Class value)]: 3.10444062395500897E-6

Ciass Name: insect, | (Product of all conditional Probability)*P(Class value)): 5.2403613376983441-7

Class Name: inverlebrate, [(Product of all conditional Probability)*I'{Class value)|: 4.2386517784945061:-6
Cllags Name: reptile, |[(Product of all conditional Probability*P{Class value)]: 8.8926427846641991:-4
Instance sl no 92 class name amphibian

Instance 93 1 aO=tuna al=talsc a2=rfalsc a3=true ad=Ilalse a5=falsc ab=true a7=true aB=truc a9=true alO=talsc
al1=talsce al2=truc a13=0 ald=true alS=false alO=truc -

Selection eriteria for subset generation A4='false’ and slno!=93

C'lass Name: amphibian, [(Product of all eenditional Probability)*P(Class vaiue)]: 2.2295301197406338E-7
Class Name: bird, f(Product of all conditional Probability y*I{Class value)|: 5.839765617963701E-11

Class Namg: tish, [(Product of all conditional Probability)*P(Class value)): 0.013991793614 18860

Class Name: inseet, [(Product of all conditional Probability*P{Class value)]: 3.0635132772237640E-12
Class Name: inveriebrate, [{Product of all conditional Probabilityy*P(Class value}]: 1.11834237700654387E-7
Class Name: reptile, [(Product ot all conditional Probability)*P{Class valuc)}: 4.4144558921 048 19E-6
Instance sl no 93 ¢lass name fish i

Instance 94 : aO=vampire al=true a2=lalse a3=lalsc ad=truc a5=truc at=jalsc a7=rfalsc a8=true aY=truc ald)=truc
al I=lalse al2=talse al 3=2 uld=true al 5=lulse alo=lalsc

Scleenon enteria for subset generation Ad="true’ and sino!=9%4

Class Name: mammal, [{Product ot all conditional Probability}*P(C'lass value)}: 2. ISEI?S‘JS()()‘)MZS?F 4
Instance st ne 94 clags name manmmal

instance 95 a0=vole al=truc a2=lulsc ad=lalse ad=true a5=falsc ab=false a7=ftalsc a8=true a9=true al}=truc
al i=false al2=lalse a13=4 ald=truc al 5=lalsc a }6=thlsc

Selection ervieria lor subset generation Ad4="truc' and slno!=95

Class Name: mammal, {{Product ot st conditional Probabiliy)*P(Class vatue)]: 0.027925605291 380082
Instunce §l no 935 class name mammat

Instance 96 : a0=vulture al=talse a2=truc a3=true ad4=lalse a5=trve a6=rfalse a?=truc a8=false a9=true al O=true
al I=false al2=fulse ul 3=2 al4=wuc al S=false alO=truc

Sclection criteria for subset gencration Ad="lalse’ and slno'=96

Class Name: amphibian, [(Product ol all conditional Probability)*{Class vatue}]: 1.50183549969634 1312-8
Cluss Name: bird, | (Product of all conditional Probability *P(Class value)]: 0.GL123480150987429%

Class Name: fish, [(Product of all conditienal Probability)*P(Class value)}: 4.745038509325221-1 )

Class Name: insect, | (Product of all conditional ProbubilityY*P(Class value)]: 1.84566109868880451:-8

Class Name: invertebrate, [(Product of all conditional Probability)*P(Class value)]: 2.735789893906284975-9
Class Name: reptile, | (Product of all conditional Probability}*1X(Class value)]: 2.390584249843802E-7
Instance 51 no 9O class name bird

[nstance 97 : aO=wallaby al=true a2=1alse a3=false ad=true a5=Mhlse a0=false a7=false a8=true a9=truc al G=truc
al I=falsc al2=lulse ul 3=2 ald=true al 5=lalse al 6=lrue

Selection criteria for subset generation Ad4="true’ and slna!=97

Class Name: mammal, [{(Product of all conditional Prebability *P(Class value}|: 0.0206917518303106317
Instance st no Y7 ¢lass name mamnmal

Instance 98 : al=wasp al=tue a2=talse ad=true ad=false aS=truc aG=talse a7=lalsc a8=Talse a9=talse al O=truc
alI=true al2=false a13=0 al4=false al 5=false al6=ialse

Seleetion eriteria Tor subsct generation: Ad="tulse' and sino!=98

Class Name: amphibian, [{Product ol all conditional Probability Y P(Class value)]: 6.8390966264615271:-10
Class Name: hird, [(Product of all conditionad Probability)*P(Class value)|: 2.481124774473809E-12

Class Name: fish, [(Produet of all concditional Probabilityy*P(Class valuc)|: 2.4914878526507385E-15

Class Name: inscet, |(Product of all conditional Probability Y*1*(Class value)]: 7.90693237648614213-4

Class Name: invertebrate, [(Product ol il conditional PrebabilityY*P{Class valuc)]: 2.38775813051494441:-7
Cliuss Name: reptile, [{(Product of all conditional Prabability)*P(Class value)]: 3.48548651592328066E-10
Instince 51 no 98 class name inscel

Instance 99 @ a0=wolt al=1ruc a2=false a3=false ad=true a5=false ad=talse a7=true aB=true a9=true al0=truc
al l=lalse al2=lalsc alJ=4 ald=true al5=talsec al6=tue

Selection eriteria for subsct generation Ad="true’ and sino!=99

Class Name: manmunal, [(Product of all conditional Probability)*P(Class value)): 0.11419413841482403
Instance sl no 99 class name mammal

Instance 100 a)=worm al=falsc a2=lalse a3=truc ad=lals¢ a5=ralse ab=talsc a7={alsc aB=talsc av=falsc
all=true al =lalse al2=falsc a1 3=0 al 4=(ulse a]5=laisc alo=talse

Selection eriteria for subset generation Ad="false’ and slno!=100

Class Name: amphibian, |(Product of all conditional Probability)*P{Class value)|: 5.21938104460888912-7
Class Name: bird. [(Product of all conditional Probability)* P(Class value)]: 7.985246340666620215-9

Class Namw: fish, [{'roduct of all conditional Probabilityy*P(Class value)]: 1.2000398957811602E-9

Class Name: insecl, HProduct of all conditional Probabilityy*P{Class value)]: 2.498514030877982E-4
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Appendix

Class Name: invertebrate, |(Product of all conditional Probability)*I'(Class valuc)): 2.6860:3450774224555-4

Class Namc:

reptile, [(Product ot all conditional Probability)*P(Class valuc)] 1.56084501 5567689E-0

Instance sl no 104 ctass name invertcbrate

Instance 101 :

s al=wren al=false aZ=truc a3=true ad=lalse a5=truc a6=false s7=false aB=lalse aO=truc nt0=(rx

ali=talse al2=false al3=2 al4=true al5=false al6=false
Selection criteria for subsct generation Ad="fulse’ and slno!=101

Class Name:
Class Name:
Class Name:
Cliass Name:
Class Name:
Class Name:

amphibian, [(Product of all conditional Probability)*P(Class value)]: 4.09984006008993213-8
bivd, [(Product of all cenditional Probability)* P(Class valued]: 0.03236607138797856

{ish, [(Product of all conditional Prabability}*P(Class valuc)]: 4.774000199774508E-1 (

insect, [(Product of alt eonditional Probability*P(Class value)]: 7.344382184602997E-7
inveriebrate, [(Product of ali conditional Probability)*P(Class value)d: 4.71087300907 1 7455E-9
reptile, {(Product of all conditional Probability}*P(Class value)}: 2.4257651017601206E-7

Instance sl no 101 ¢lass name bird
Errer rate=1.97"%,
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