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ABSTRACT

Knowledge acquisition from databases has seen sustained research for a number 

of years now, from both the machine-learning (ML) and the database technology 

fields. The ML perspective concentrates on designing agents th a t can learn from 

experience as represented by examples in databases. Inductive learning is a category 

of ML, where the attem pt is to construct a  description of a function from a set of 

in p u t/o u tp u t examples.

HCV is a  heuristic induction algorithm, belonging to  the extension-matrix based 

family of induction algorithms [23]. Given a  set of train ing examples in the form of 

{input, output) pairs, it induces a set of rules th a t when applied to any input exam­

ple, can come up with a target output or class for th a t example. At deduction time, 

these induced rules are applied to a pre-classified test set to evaluate their accuracy. 

Currently, there is no way to use these results to improve the rules’ accuracy. Con­

sequently, the induced rules are “frozen” on the train ing set, and they cannot adapt 

to  a changing distribution of examples. In this thesis, we propose two approaches to 

dynamically refine the rules at deduction time, to overcome this limitation.

There are three possible match cases th a t have to  be dealt with during deduction: 

no match, single match and multiple match. For each test example, we find the correct 

classification depending on the m atch case, using forced m atching if necessary. Once



the correct class is thus found, we refine the associated rule in one of two ways: 

by increasing the coverages of all the conjunctions associated with the rule, or by 

increasing the coverage of the rule’s most im portant conjunction only for the test 

example in question. These refined rules are then used for deducing the classifications 

for all remaining examples. Of the two deduction methods, the second m ethod has 

been shown to significantly improve the accuracy of the rules when compared to the 

regular, non-dynamic deduction process.
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Chapter 1 

INTRODUCTION

1.1 Problem Definition

Artificial intelligence (AI) is concerned with making machines perform “intel­

ligent” tasks such as vision, planning and diagnosis. Machine learning (ML), as a 

sub-field of AI, concentrates on learning from experience. A system th a t can learn 

from the presentation of examples or from feedback provided by the environment or a 

friendly teacher can be employed in a number of ways. Classification and data-m ining 

i.e., detection of new, useful and unsuspected relationships or patterns in data , are 

ju s t two applications.

There are several types of machine learning [18] : Inductive learning [1], [16], [10] 

such as decision tree learning and version space learning, learning from network rep­

resentations [2], [18], [6] as in neural networks and belief networks, and reinforcement 

learning [18] as in Q-learning and genetic algorithms. ML can also be categorized 

into supervised and unsupervised learning. Clustering techinques [26], [25], [11] fall 

under the la tter category.

Many of the learning systems in commercial use today are based on inductive 

learning. In inductive learning, the two most widespread families of algorithms are
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the ID3-like family and the AQ 11-like family, both attribute-based. In contrast to 

the credit assignment and the generate-and-test processes in genetic algorithms, and 

numerical activity vectors in connectionist m ethods such as neural networks [18], 

attribute-based learning methods concentrate on symbolic and heuristic computa­

tions. These relate to  models tha t operate a t the level of symbols, and involve op­

erations th a t m anipulate symbolic expressions with an emphasis on heuristic rather 

than  com putationally explosive optimization strategies. No explicit credit assignment 

strategies are necessary in the attribute-based induction paradigm.

There are several limitations to the AQ11 and ID3 families of algorithms (as 

described in C hapter 2). Therefore, a competitive heuristic induction algorithm HCV 

[23] was developed based on the extension m atrix  approach. However, as with most 

other induction algorithms, once induction is done, the rules in HCV are “frozen” -  

there is no means to  use the results of applying the induced rules to an unseen set 

of te s t examples to increase the rules’ accuracy, w ithout re-inducing them  from the 

unseen examples. The contribution of this thesis is to provide such a  mechanism, 

whereby rule performance at deduction time can be used as feedback to  modify rule 

weights, leading to  increased prediction accuracy.

1.2 Organization of Thesis

This thesis is organized as follows:
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Chapter 2 provides a review of inductive learning. It summarizes the three typical 

families of inductive algorithms, the AQ11-like, ID 3-like and the extension m atrix  

approach based algorithms, giving their m ain features, advantages and disadvantages.

A detailed description of HCV and the proposed approach to refine its rules 

dynamically are given in Chapter 3. Experiments and their results are given in 

Chapter 4. A comparision is made between the accuracy of classifications given by 

HCV and HCV with the proposed approach, dynamic deduction. Finally, Chapter 5 

gives a brief sum m ary of the thesis.
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Chapter 2 

REVIEW  OF INDUCTIVE LEARNING  

2.1 Introduction

This chapter first reviews the two most widespread induction algorithms in ma­

chine learning, AQ11 and ID3. I t describes their approaches in brief and outlines 

their advantages and disadvantages. Then it mentions some of the enhancements 

m ade to them in recent years. Finally, it explains the relatively new extension m atrix  

approach and again, analyzes it in term s of advantages and disadvantages.

2.2 AQ11

A Q U  belongs to the family of induction algorithms th a t are centered around the 

idea th a t learning can be viewed as a process of searching for a good hypothesis in a 

large hypothesis space defined by the representation language chosen for the task. We 

first look a t the two main algorithms th a t were the basis for A Q ll, then we examine 

A Q U  itself in some detail, and finally, we look at its advantages and disadvantages.
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2.2.1 Background

A Q ll, designed by Michalski et al [23], shares the basic généralisation-spécialisation 

strategy to develop concept descriptions with W inston’s ARCH program [21] and 

M itchell’s candidate elimination algorithm [14], [15].

W inston’s ARCH program describes a mechanism tha t can learned concepts by 

looking for relationships between semantic network representations of block world 

configurations. There are two processes involved in this learning mechanism: finding 

and exploiting commonalities among structural descriptions for the same type of con­

figuration, and finding significant differences between positive examples and negative 

examples. These two processes correspond to  generalisation and specialisation. So 

the  ARCH program generalises the concept representation so as to  include all the pos­

itive examples, and specialises it to exclude all the negative ones. Each new example 

presented triggeres an extension of the concept representation in one of two ways: 

generalization for a positive example, and specialization for a negative example.

Mitchell’s candidate elimination algorithm [18], [14], [15] is also based on the ba­

sic generalization-specialization strategy, but it explores the solution (or hypothesis) 

space in a way different from W inston’s ARCH program. In the ARCH program, 

hypotheses are generated and tested one by one, whereas in Mitchell’s method a hy­

pothesis space (viewed as a disjunctive sentence H \ V  H2 V  ... V H n) is maintained 

a t all times. As examples are presented, those hypotheses found unsatisfactory are
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deleted from the hypothesis space. This set of remaining hypotheses is called a version 

space.

Thus, Mitchell’s method aims to ensure tha t at all times, the version space con­

tains the complete set of hypotheses or concept representations consistent with all the 

examples seen so far. A simplified description of the candidate elimination algorithm 

is as follows:

The Candidate Elimination Algorithm

1 Initialize the version space to be the set of all hypotheses.
2 Set G to be the set o f most generous representatons, initially “TRUE”.
3 Set S  to be the set o f most specific representations, initially “FALSE”.
4 For each new training example:
5 I f  it is positive, update S so that it still contains the set o f 

most specific, satisfactory representations.
6 I f  it is negative, update G so that it still contains the set of 

most general, satisfactory representations.
7 I f  G=S, exit.

A Q ll is a  more sophisticated variant of the basic généralisation-spécialisation 

method described above. I t can be used to generate representations for a classification 

function, i.e., a  target mapping with more than  one output and more than  two input 

groups.
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2.2.2 Algorithm Description

The input to  A Q ll is in the form of a set of (attribute, value) pairs. The target 

ou tpu t is the classification for the input. The representations produced for the target 

m apping are rules written in variable-valued logic1 [23], one rule for each distinct 

concept2 or classification.

Suppose the training set is divided into n  subsets, with each subset containing 

the inputs th a t should bring about a  particular classification. A Q ll works as follows:

The A Q ll  Algorithm

1 For each training subset do
2 Convert all the examples in the subset into positive examples.
3 Convert all the other examples (from other subsets) into negative

examples. Use previuosly generated rules also as negative examples.
4 Apply generalization-specialization and a set o f heuristic strategies [9]

to the training examples produced in Steps 2 and 3 above.

1 Variable-valued logic was a representation calculus developed by Michalski [12], for representing 
decision problems where decision variables can take on some range of values. Its principal entities 
are selectors, each having the general form

[X#R] (2.1)

where X  isa variable or an attribute, “# ” is a relational operator such as = , <, >, <, and >), andR
(called a reference), is a list of one or more values that X  can take. A well-formed rule in the logic 
is similar to a production rule, but it has selectors as the basic components of both its left and right 
sides.

2For example, in PLANT/ds [23] where A Q ll was first successfully applied, each of the fifteen 
soybean diseases is a concept or class.
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2.2.3 Advantages and Disadvantages

One of the main advantages of A Q ll is that it will ensure th a t the most general 

representations do not cover any negative representations. T hat is, it will make sure 

th a t the current general boundary being constructed does not overlap any previously 

constructed general boundaries. However, there are several problems with A Q ll.

F irst, as can be seen from Step 3 of the A Q ll algorithm , rules need to be in the 

same syntactic form as examples.

Second, the order of presentation of the training subsets influences the rules 

produced: The first rule induced will be more general than the ones induced later.

Third, the A Q ll algorithm is computationally more expensive than ID3. W hen­

ever G or S is updated, we have to check to see whether all the examples tha t were 

previously satisfied are still satisfied, and no new unsatisfactory examples have been 

added. Also, the rules produced by A Q ll are more complex than  those produced by 

ID 3, although they may be more comprehensible.

Finally, since the A Q ll algorithm is bottom -up in nature it can be disrupted if 

the  d a ta  is noisy, or if the domain contains insufficient a ttributes for exact classifica­

tion [18].
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2.3 IDS

ID3 is a  decision-tree based algorithm. In general, a decision tree takes as input 

an object or situation described by a set of properties, and outputs a yes/no decision. 

Hence, decision trees best represent boolean functions, though they can be extended 

to  represent functions with a larger range of outputs.

In this section again, we first describe the algorithm tha t led to the develop­

m ent of IDS. This is followed by an explanation of IDS, and its advantages and 

disadvantages.

2.3.1 Background

IDS [16] is a “top-down” algorithm developed by Quinlan out of the Concept 

Learning System (CLS) by Hunt [10].

The CLS learning mechanism takes a set of training pairs and constructs a con­

cept representation in the form of a decision tree in which each leaf node has a target 

output associated with it. This tree is then “applied” to any new input example 

by propagating the example down through the tree. The example ends up a t a leaf 

node, and the target output associated with the leaf node is taken as the example’s 

classification.

The main steps in the  CLS algorithm are:
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The CLS Algorithm

1 Ti—the entire training set. Create a T  node.
2 I f  all examples in T  are positive, create a “yes” node with parent T  and stop.
3 I f  all examples in T  are negative, create a “no” node with parent T  and stop.
4 Select an attribute X  with a value range o fv i , v j v  and partition T  into subsets 

p i , T j v ) according to their values on X. Create N  Ti nodes
(i = 1 , N ) with parent T  and X  = Vi as the label o f the branch from T  to Ti.

5 For each T{ do: T  <—Ti and go to step 2.

2.3.2 Algorithm Description

Quinlan modified the CLS algorithm in two ways.

First, he added a process known as windowing, to enable the algorithm to cope 

w ith very large training sets.

For very large training sets, it may be more efficient to process a small sample 

first, rather than process the entire set as one. If th is sample is representative of the 

complete set, the decision tree produced will be similar to the one th a t would have 

been obtained by processing the entire training set as one. The tree obtained from the 

sample set can now be refined by scanning the training set for examples th a t are not 

properly represented in the tree, and whenever such an example is found, modifying 

the  tree appropriately. However, windowing does not feature very strongly in recent 

work, and there is evidence suggesting th a t it may provide very little benefit [23].

Second, and more importantly, Quinlan proposed a heuristic called the entropy 

measure, based on information theory. At each stage of the tree-growing process, this
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measure helps decide the most “im portant” a ttribu te  on which to split the decision 

tree further. Thus, smaller and more efficient decision trees (i.e., decision trees with 

less depth) can be constructed.

ID3 works as follows:

Suppose the training set is represented by T  =  P E  U N E  where PE  is the set of 

positive examples and NE is the set of negative examples, p = \P E \ and n = \ N E  |. 

T he probability of an example e belonging to P E  is p /  (p + n ) and th a t of its belonging 

to  NE is n / ( p  +  n). A decision tree is considered as a  source of the message “PE ” 

or “NE” ; using the information theoretic heuristic described above, the expected 

inform ation needed to  generate this message is given by

Suppose a ttribu te  X  can take on values from the domain {fi, If it is

Pi examples of PE  and examples of NE. The expected information required for the 

subtree for Ti is /(p j,n*). The expected information required for the tree with X  as

w hen  p  7̂ 0 & ti ^  0

otherwise.
(2.2)

used as the root of the decision tree, it will partition T  into N  subsets {Ti, ...,Tv}

where Tj contains all the examples in T  th a t take on the value Vi of X .  Let T* contain
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root, E I ( X ) ,  is the weighted average

(2.3)

where the weight for the i-th  branch is the proportion of the examples in T  that

belong to TJ. Therefore, the information gained by branching on X ,  G( X) ,  is given

ID3 examines all candidate attributes Xj ,  (j = 1 ,2 ,..., a) where a is the total 

number of attributes, and chooses the X j  th a t maximizes G ( X )  as the root. Then 

it uses the same process recursively to construct decision trees for subsets jTi, ..., Tjv, 

corresponding to  the different values of attribu te  Xj .  For each Xj (i =  1 , TV), if all 

the examples in Xj are positive, a ‘yes’ node is created; if all the examples in Xj are 

negative, a  ‘no’ node is created. Further growth from these ‘yes’ and ‘no’ nodes is 

halted. Otherwise i.e., if the examples in Xj come from both P E  and N E ,  another 

attribute is selected to grow the tree further using the information theoretic heuristic 

in the same m anner as described above.

by

G{X)  = I ( p , n ) - E I ( X ) . (2.4)
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2.3.3 Advantages and Disadvantages

One of the advantages of the ID3 m ethod is the fact tha t it does not require users 

to  specify background knowledge. Version-space methods such as A Q ll may need the 

specification of generalization hierarchies to avoid problems with allowing unlim ited 

disjunction in the hypothesis space [18]. This means th a t ID3 can be applied to 

any syntactically well-formed training set. In addition, it is efficient and fast. These 

factors have enabled ID3 to be used in a  wide variety of commerical packages.

However, ID3 has some lim itations:

F irst, in a domain where a  single decision tree may not be sufficient to represent 

all the expertise in that domain, the decision trees cannot be applied directly as 

problem-sol vers ; they need to be decompiled into production rules first. Therefore, 

in these cases, decision trees are less convenient for manipulations than the variable­

valued logic of A Q ll. Further, production rules from decompiled decision trees are 

too simple to express things like memberships.

Second, in the tree growing phase, once an attribu te  is selected for splitting, all 

arcs labeled by values that a ttribu te  takes must be expanded. The resulting paths 

can be longer than  those actually needed because, by the time specific concepts (i.e., 

leaf nodes on the decision tree) are developed, irrelevant variables may have been 

introduced.

Third, the number of branches (paths) might be very large since any arc out of
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a non-leaf node can be labeled with only one value.

Finally, ID3 is heuristic in nature because the information gain heuristic (entropy 

measure) th a t it uses is not complete. This means tha t it is not guaranteed to find 

the simplest and optim al decision tree for the given training set.

2 .4  E x te n s io n s  to  A Q l l  a n d  ID 3

Several extensions have been made to the original A Q ll and ID3 algorithms in 

their successors such as AQ15, CN2, ID5R and C4, to improve their various capac­

ities such as noise handling and incremental induction. These extensions are briefly 

described below:

•  N o ise  H an d lin g : Two approaches have been tried for A Q ll [23]: The first is 

to  use a  partial match procedure called TRUNC to  execute rules in AQ15 [13]; 

the second, in CN2 [5], is to use the entropy measure from ID3 to produce rules 

in domains where problems of poor description language and/or noise may be 

present.

For ID3, tree growth can be halted in noisy environments when no more signif­

icant information gain can be found.

* In c re m e n ta l  L earn ing : Incremental learning means dividing a large exam­

ple set into a number of subsets and considering one subset at a time. This 

m ethod has been adopted in AQ15 [13], ID4 [19] and ID5R [20]. The window­
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ing technique in IDS can also be looked upon as a way to implement incremental 

learning.

•  C o n s tru c tiv e  L ea rn in g : Explicit, built-in background knowledge is not

needed in either AQ 11-like or IDS-like algorithms. However, implicit back­

ground knowledge is always embedded in the formulation of solution spaces 

and in the representation of examples. If a solution space turns out to  be inade­

quate, representation modification is needed. This modification process involves 

searching for useful new features (constructive induction) in term s of existing 

features or attributes. AQ17 [3] of the AQ11 family implements such a scheme.

•  D ec is io n  T ree  P r u n in g [18]: The ID3 algorithm tends to construct exact de­

cision trees. This can be an issue in many real-world problems such as medical 

diagnosis and image recognition, since the actual classification cannot be ex­

act due to the presence of noise and /o r uncertainty in the data. As a result, 

a decision tree by ID3 may not be able to capture the relations in the data  

properly. Hence, mechanisms to prune decision trees have been devised and 

implemented in many systems such as ASSISTANT [4] and C4 [17]. Once a 

non-leaf subtree meets a specific criterion such as having an equal or smaller 

number of misclassifications after replacement, it is replaced by a leaf node.

In addition to  the above, other techniques that have been tried include [23]: 

decompiling decision trees into production rules, binarization of decision trees, using
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a new selection criterion (the gain ratio criterion) instead of the entropy measure, 

structured induction, and adding abilities to deal with real-valued attributes.

However, although each of the extensions mentioned above is useful in some 

specific cases, none of them has generally improved AQ11 or IDS in noisefree en­

vironments. A Q ll’s time complexity and rule compactness remain the same. The 

core of the decision tree family of algorithms is still the entropy measure to  select an 

a ttribu te  by examining all candidate attributes during the splitting of examples a t 

non-leaf nodes.

2.5 The Extension Matrix Approach

This is a fairly recent approach to  inductive learning. Since it forms the basis 

for the deduction methods presented in this thesis, we will look at it in more detail.

2.5.1 Background

The family of inductive algorithms based on the extension m atrix approach was 

first developed at the University of Illinois by Hong et al. and then redesigned by Wu 

[23]. The algorithms of the extension m atrix  family take a kind of m atrix  called an 

extension matrix  as their m athem atical basis.
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2.5.2 Terminology and Notation

Let a be the number of attributes (represented by { X i , X 0}) in an example 

space, n  be the set of negative examples |X ^ |=  | { e f , e ~ }  | where ez~ (i =  1 , n) is 

the  2-th  negative example, and p be the set of positive examples \PE\=\ { e f , ..., e+} | 

where e+ (2 =  1, ...,p) is the 2-th positive example. Let the  negative example set NE 

be expressed by the m atrix

N E M  =  {ej~,..., e~}T =  (rÿ )n*0 (2.5)

w ith the 2-th  row of m atrix N E M  corresponding to  the 2-th  negative example 6^(2 =

l ,  . . . ,22). An element of m atrix N E M ( i , j )  = r^ , indicates th a t the value of ez~ on

a ttrib u te  X j  is Tij.

Now, if the k-th. (k = 1, ...,p) positive example is expressed as =  (y^ , . . . , ^ ) ,  

its extension matrix  against N E  is given by

(2.6)

where

when  2)7 =  N E M ij

N E M ij when Vj, /  N E M ^
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Here, V  denotes a dead element th a t cannot be used to  differentiate between the 

positive example e j  and the negative example on row i of N E M .

For any E M k, a set of n  nondead elements r^. (z =  1 , n, ji  G { 1 , a}) coming 

from the n  different rows is called a path  in the extension m atrix.

In [9], it has been shown th a t a path { r ^ ,  ...,7-njn} in an E M k corresponds to a 

conjunctive formula

n

L =  [Xjt 7*̂ rijt] (2 -7)
i=l

which covers the  positive example ejf against N E  and vice versa.

Each [Xji rijt 1 here corresponds to a selector in variable-valued logic. If r ^  

appears on m  (m  G {0,..., n}) rows in the same column j ,  of an extension m atrix 

E M k, we say or [X^ ^  covers m  rows of the E M k.

The disjunction m atrix of a set of positive examples ..., e j}  against N E  or 

the disjunction m atrix  of E M ^ ,... ,  E M ik, E M D  = {rij)n*a, can be defined as:

w h e n 3 k i  G { i \ , . . . , i k }  : E M kl { i , j )  =  * 

V%2=lE M ik2 (i,  j )  =  N E M ( i ,  j )  o t h e r w i s e

(2.8)

In the E M D  of a  positive example set { e j , ..., e^} against NE, a set of n  nondead 

elements r ^  (z =  1, G o}) coming from the n  different rows is also called
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a path.

It has been proved [23] th a t a path  { r i^ ,. in the E M D  of a positive exam­

ple set { e ^ , e ^ }  against the negative example set N E  corresponds to a conjunctive 

fo rm u la  or cover

n

L  A t * *  ^  r w i  (2 -9 )
i= l

th a t covers all of { e ^ , e j }  against N E  and vice versa.

If there exists a t least one path in the disjunction m atrix EMD of a positive 

example set { e j , efk} against N E ,  all the positive examples in the set are said to 

“intersect” and the positive example set is called an intersecting group.

For a  given set of examples, if PE  and NE are persistent, i.e., they have no 

examples in common, there always exists a t least one conjunctive formula covering 

any positive example e^ fr o m P E  against NE [23].

Therefore, for a given set of examples, if PE and NE are persistent, a t least one 

conjunctive formula cover always exists for each intersecting group of examples.

2.5.3 Optimization Problems

There are two optimization problems in the extension m atrix approach [23] :

•  The minimum formula (MFL) problem: Finding a conjunctive formula th a t 

covers a positive example or an intersecting group of positive examples against
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the  set of negative examples NE, and has the minimum number of different 

conjunctive selectors.

# The minimum cover (MCV) problem: Finding a cover that covers all the positive 

examples in PE (which can be divided into one or more intersecting groups) 

against NE and has the minimum number of conjunctive formulae with each 

conjunctive formula being as short as possible.

Since each of all the paths in the extension m atrix  EM& of each positive example 

e£ against NE corresponds to  a conjunctive formula of ejf against N E  and since 

an optim al cover of PE  against N E  is a  minimum set of formulae th a t is a logical 

combination of all the formulae from every EM& (k =  1, ...,p), both MFL and MCV 

problems are NP-hard [7].

HFL and HCV are two complete algorithms designed to solve the optimization 

problems MFL and MCV in [22], [24], with 0(no2°) and O(n2022° +  pa222°) time 

complexity respectively, given tha t each a ttribu te  domain Di(i =  l , . . . ,o )  satisfies 

\Di\= 2. W hen there exists a domain Dj  such th a t |D j|> 2  or Dj  is a real-valued 

interval (j E { l ,. . . ,a } ) , a decomposition m ethod th a t decomposes D j into several 

sub-domains whose bases are each two is also designed there.
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2.5.4 Heuristic Strategies in AE1

AE1 is a system th a t aims to solve the MFL and MCV problems described 

above by adopting some heuristic strategies. Thus, approximate rather than  optimal 

solutions are found. These strategies are [7]:

•  S tarting solution search from the columns with the most nondead elements, and

• Simplifying selector or rule redundance by deductive inference rules in mathe­

matical logic.

There are two problems with the above strategies: First, the first strategy can lose 

optim al solutions in some cases. For example, in the extension m atrix given below, the 

first heuristic strategy in AE1 cannot find the optimal formula ( [Xi ^  1] A [X3 ^  1]

), since it will first choose the selector [X2 ^  0]. Second, simplifying redundance for 

MFL and MCV problems is NP-hard [23].

/
1

* 0 1

1 0 *

* 0 1

1 0 *
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2.5.5 Advantages and Disadvantages

The m ajor disadvantage of the extension m atrix  approach is its NP-hard nature 

described in section 2.5.3. AE1 does not remove this disadvantage, as shown in the 

previous section. An AE5 system [8] was developed based on AE1, bu t the basic 

algorithm remained the same. The only difference between AE5 and AE1 is th a t 

AE5 has some added facilities such as constructive and incremental induction. So, 

the  two m ajor problems of AE1 still apply to AE5. Chapter 3 talks about the HCV 

algorithm  th a t removes them  both.
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Chapter 3 

HCV AND DYNAM IC DEDUCTION

3.1 Introduction

This chapter starts with a description of the HFL and HCV algorithms. Then it 

narrows focus to  the deduction process of HCV, and explains the approach followed 

by this thesis to  improve the accuracy of the rules a t deduction time.

3.2 The HFL algorithm

The HFL algorithm finds a heuristic conjunctive formula th a t corresponds to a 

pa th  in an extension m atrix  (or a disjunction m atrix) when there is at least one path 

in the extension (or disjunction) m atrix. Disjunction m atrices can be processed in 

the same way as extension matrices to find their conjunctive formulae; hence we will 

only refer to  extension matrices below.

3.2.1 Four Strategies in HFL

The HFL algorithm adopts four strategies:

1. The fa st strategy. In an extension m atrix  EM k  =  (n?)n,*a, if there is no dead 

element in a  column (say j ) ,  then [Xj =/= rj] where rj = V^L1rÿ  is chosen as the
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one selector cover for the entire m atrix EM ^.

For example, in the extension m atrix given below, selector [X± ^  {norm al, d ry— 

peep}] from the fourth column can cover all the five rows of the matrix:

absent slight strip norm al *

* * hole dry — peep fa s t

low slight strip norm al *

absent slight spot dry — peep fa s t

low m edium * norm al fa s t

2. The precedence strategy. If there is a in column j  th a t is the only nondead 

element of a row z in an extension matrix EM k  =  {rij)n*a, the selector [Xj ^  

rj\ where rj = \Z™=1rij is called an inevitable selector and is chosen with top 

precedence.

For example, in the following m atrix, [Xi ^  1] and [X3 ^  1] are two inevitable 

selectors:
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* 0 1  

1 0 * 

* 0 1  

1 0 *

3. The elimination strategy. In an extension m atrix  EM k, if for every appearance 

of some nondead element in the  j i- th  column of some row, there is always 

another nondead element in the j 2-th  column of the same row, [Xjl ^  

where is called an eliminable selector and can be elim inated by

selector [Xh  #  rj2] where rh  ~  V?=1rij2.

For example, a ttribute  X 2  can be eliminated by a ttribute X 3 in the extension 

m atrix given below:
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* 0 1  

1 0  1 

* 0 1  

1 0  1

4. The least-frequency strategy. In an extension m atrix, when all inevitable selec­

tors have been selected and all eliminable selectors have been excluded but all 

the selectors chosen so far have not yet covered all the rows, a  selector having the 

least num ber of non-dead elements in its corresponding column in the extension 

m atrix  can be excluded. This selector is called a least-frequency selector.

For example, in the extension m atrix given below, a ttribu te  X \  can be elimi­

nated and there still exists a path:
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*  0 1 

1 0 *

*  0 1 

1 0 * 

r  0  l y

It has been proved [23] th a t all of the fast, precedence and elimination strategies 

are complete. This means th a t if there exist one or more shortest conjunctive formulae 

in an extension m atrix , the fast, precedence and elimination strategies will not lose 

it.

Also, in an extension m atrix, if there exists at least one shorter path  which 

has less than  n  different conjunctive selectors, the solution generated by the least- 

frequency strategy must be the shorter one.

Thus, even though the fourth strategy (the least-frequency strategy) is not nec­

essarily complete i.e. it is a heuristic and thus could lose optim al paths at times, 

compared to  the AE1 system, three complete strategies were adopted in HFL.
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3.2.2 Algorithm Description

The HFL algorithm is given below:

The HFL Algorithm

0 Initialize variable Hfl to null.
1 Try the fast strategy on all the uncovered rows.

I f  successful, add a corresponding selector to variable Hfl. Return Hfl.
2 Apply the precedence strategy to the uncovered rows; I f  some inevitable 

selectors are found, add them to Hfl and go to Step 1.
3 Apply the elimination strategy to all attributes that have neither been 

selected nor eliminated. I f  any eliminable selector is found, reset all the 
elements in the corresponding column with *. Go to Step 2.

4 Apply the least frequency strategy to all attributes that have neither been 
selected nor eliminated. Find a least-frequency selector and reset all the 
elements in the corresponding column with *. Go to Step 2.

5 Return Hfl

Steps 1 , 2 , 3  and 4 implement the fast, precedence, elimination and least-frequency 

strategies described in the previous section. When the fast strategy finds a column 

th a t has nondead elements on all the uncovered rows of the EM, the EM is fully cov­

ered by picking the selector corresponding to  the column, and thus the H f l  variable 

can be returned. In Step 2, after one or more inevitable selectors have been chosen, 

more rows are covered. So HFL will come back to Step 1 to test the fa st strategy 

on uncovered rows. Each time a selector has been chosen by either the fa st strategy 

or the precedence strategy, there are two scenarios: all the selectors chosen till now 

have either covered or not yet covered all the rows of the extension m atrix. After one
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or more columns have been crossed out by the elimination strategy in Step 3, some 

rows may have only one non-dead element. Hence, the precedence strategy and the 

fa s t  strategy are applied again, in tha t order. The least-frequency strategy is applied 

only in those cases when all inevitable selectors have been chosen and all eliminable 

selectors have been excluded but all the selectors chosen have not yet covered all the 

rows in the extension m atrix. This strategy can cross out a column th a t has not been 

crossed out before. Therefore after executing it (Step 4), HFL comes back to test the 

precedence strategy. The fast strategy cannot be immediately applied after Step 3 or 

Step 4 since excluding a column by either the elimination  strategy (Step 3) or the 

least-frequency strategy (Step 4) does not cover any uncovered rows. This is why the 

control in HFL comes back to Step 2 instead of Step 1 a t the end of both Step 3 and 

Step 4. There is a t least one column or selector th a t has been processed: it has been 

either chosen or crossed out, each time the control comes back to Step 2 or Step 1. 

Therefore, if there are a columns in an extension m atrix, a loops in HFL are needed 

a t the most.

The tim e complexity for Steps 1 , 2 , 3  and 4 is 0 (n a ), 0 (n a ), 0 (n a 2) and 0(na )  

respectively. The tim e complexity for the whole algorithm  is thus [23]

0 ( n  +  2o +  2 +  a(na  +  rca +  na2 +  na)) % 0 (n a 3).
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3.3 The HCV algorithm

The HCV algorithm first partitions the positive examples (PE) of a specific class 

into p (p less than  or equal to the total number of examples for th a t class) intersecting 

groups, then calls the heuristic algorithm HFL to find an Hfl (i.e. a conjunctive cover) 

for each intersecting group, and then obtains the covering formula for the entire class 

by logically ORing all the Hfls of the intersecting groups.

The HCV algorithm in brief is as follows:

The HCV algorithm

1 Partition PE into intersecting groups, initialize variable Hcv to null.
2 For each intersecting group
3 Initialize variable Hfl to null.
4 Call HFL i.e., execute the fast, precedence, elimination and

least-frequency strategies.
5 Reassign Hcv: Hcv =  Hcv V  Hfl
6 Return Hcv

The tim e complexity for HCV is 0 (p n a 3 +  p2na).

It has been proved [23] th a t the formula Hcv generated by Algorithm HCV covers 

all the positive examples against the negative examples in a given example set. Also, 

if there exists a t least one conjunctive cover in a given training example set, HCV 

produces a conjunctive formula.
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3.4 Deduction in HCV

Deduction is the time when the predictions made by the HCV algorithm in the 

form of induction rules are tested against pre-classified test examples to obtain a 

measure of the rules’ accuracy. In general, the rule for any class is in the form of a 

disjunction (conjiVcorijgV...Vconjn) . If all the examples for the class fall into one 

intersecting group, this disjunction will have only one conjunction.

3.4.1 Possible Match Cases at Deduction Time

For a given test example, there are three situations that need to be dealt with:

•  No Match: No rules m atch the example.

•  Single Match: One or more rules m atch the example, and indicate the same 

class.

•  Multiple Match: More than  one rule matches the example, and these rules 

indicate different classes.

The th ird  case does not apply to decision trees produced by ID3-like algorithms, 

b u t production rules derived from decompiling the decision the trees can face the 

same problem.

In the single match case, the test example’s classification is naturally indicated 

by the rules. Deduct ion-time processing deals mainly with conflict-resolution in the
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m ultiple m atch case, and probability estim ation in the no match case, because the 

single m atch case is not a problem. Here, we describe the way HCV handles these 

cases:

N o  M a tc h . In the case of no m atch, the training set is sccaned to find a class 

th a t is “close” to the test example in question.

•  Largest Class. This is a common method to deal with the no match case, 

where the example is assigned to the largest class, called the default class. 

The assumption behind this m ethod is th a t the training set is representative 

of the example distribution in the domain under consideration. Therefore, the 

probability of a random example belonging to a large class is higher than  tha t 

of it belonging to to  a small one.

The largest class method is good when the num ber of classes in the training 

set is small and one of the classes contains a predom inant number of examples. 

However, as the number of classes grows and the examples are more evenly 

spread out over the classes, the results could deteriorate.

•  Measure of F it. Instead of relying solely on the probability of each class in the 

training example set, the measure o f fit (MF) m ethod [23] calculates the M F  

value of each class c* for each no m atch test example e.

For a selector sel or X  th a t can take on values [Vi,..., its M F  value for e 

is defined as
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1 i f  sel is  sa tis fie d  by e
M F (se l,e )  =

otherwise

where n  is the num ber of a ttribu te  values tha t the selector includes and \X \ is 

the number of values in the X  domain.

If a conjunctive rule conj has k selectors, its M F  value for the test example is 

defined on the product of the M F  values of its k selectors, adjusted by its own 

weight in the training set:

M F  (conj j e) = Y ^ M F (s e lk,e) x (3.1)
k

where n(conj) is the number of examples in the training set th a t are covered 

by the conj rule, and N  is the to ta l number of examples in the training set.

The M F  of a class c* for a  test example e is the probabilistic sum of the M F  

values of all the conjunctive rules for the class. In the case of two rules, conji 

and conj2 , it is given by the following formula:
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M F (ci,e)  =  M F (c o n ji,e )  +  M F (con j2 ,e) — M F (co n ji,e )M F (co n j2 ,e)

( 3 .2 )

If there are more than  two rules for the class, we use this formula recursively.

The measure of fit m ethod interprets the M F  value as the closeness of the 

test example to the class, and therefore chooses the class q  th a t maximizes 

M F (ci, e) as e ’s classification.

M u ltip le  M a tch . Overgeneralization of the training examples at induction 

tim e causes m ultiple m atch to occur a t deduction time. All rule induction algorithms 

explicitly or implicitly implement generalizaton and specialization. We try to  gener­

alize the positive examples as far as we can until they cover negative examples. Once 

negative examples are covered, we specialize the concept description to exclude them. 

However, generalization and specialization need to be carried out under the closed 

world assumption because the training set is generally incomplete. A training exam­

ple (say (X i ~  a, X 2 = 1)) with a  missing classification can be assumed to belong to 

a concept c when no negative examples of the concept taking on the value of a on X i  

can be found. It can also be assumed to be a negative example a t the same induction 

process if we find tha t all the negative examples and no positive examples in the 

training set have the a ttribu te  value X 2 =  1. So the example in this case could well
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be covered by descriptions of both concepts: “c” and “ not c” . Therefore a multiple 

m atch happens in the subsequent deduction process if this same example appears in 

the  test set.

M ultiple m atch resolution needs to  provide some measurements or criteria to 

judge which class is closer or more reliable to the test example in question. The 

following are some common methods used in HCV for such conflict resolution:

•  F irst Hit. The simplest way to solve the multiple m atch issue is to use the first 

rule th a t  classifies the example to determine the example’s classification. This 

simple m ethod can be expected to produce reasonable results if the rules from 

the induction process have been sorted and ordered according to their reliability 

(e.g., pu tting  rules related to the largest class before others).

The advantage of this method is th a t it is straightforward and efficient in ex­

ecution a t deduction time. However, the price for this efficiency a t deduction 

tim e is th a t the rules need to be sorted following induction.

•  Largest Rule. Instead of using the coverage of the rules for a  class, we can use 

the coverage of each conjunctive rule. Again, however, this m ethod is good only 

when the  number of rules is small and one of the rules covers a predominant 

num ber of examples.

•  Estim ate of Probability. The estimate o f probability m ethod [23] for handling 

the m ultiple m atch case assigns an E P  value to every class by examining the
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training set coverage of the satisfied conjunctive rules.

The E P  value for a conjunctive rule conj that is satisfied by a test example e 

is defined as

i f  conj is  sa tis fie d  by e
E P (con j, e) =

0 otherwise.

where n (con j)  is the weight of conj in the training set and N  is the number of 

examples in the training set.

The E P  value of a class c, is defined as the probabilistic sum of the E P  values 

of all the conjunctive rules for the class. In the case of two rules, conji and 

conj2 , it is given by the following formula

E P (ci, e) =  E P  (conji, e) +  E P (con j2 , e) — E P  (conji, e )E P (con j2 , e) (3.3) 

If there are more than  two rules for the class, we use this formula recursively.
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Thus, for the multiple m atch test example, the E P  method chooses the class 

with the highest E P  value as its classification.

3.4.2 Deduction in HCV

The current implementation of HCV provides many methods for deduction. Out 

of these, the user can pick the one th a t may be best suited to the problem a t hand. 

However, as we have seen in the previous section, all of these deduction m ethods are 

“frozen” on the training example set. For example, in the epmf m ethod of deduction 

th a t combines both E P  and M F  (explained in the previous section), a m ajor factor 

in determ ining the “closeness” of a test example to a particular class is the coverage 

of the  training set by the rules for th a t particular class. T hat is, the closeness of any 

particular example to a class is influenced by the number of training examples tha t 

fell under th a t class a t induction time.

This indicates tha t if the training set is not wholly representative of the actual 

distribution of examples in th a t particular domain, there is no way to refine the rules 

accordingly after induction. The only option is to re-induce another set of rules from 

a more representative training set.

This thesis explores whether the above lim itation can be overcome by dynami­

cally refining rule coverages a t deduction time. A particular deduction m ethod, ep m f, 

has been chosen, and the results of applying the rules to the test examples a t deduc­

tion time are used to modify rule coverages, to  see whether the rules’ accuracy can
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be improved.

3.4.3 The Dynamic Deduction Approach

The dynamic deduction approach is summarized below:

The Dynamic Deduction Algorithm

For each test example:
1 Get the initial classification.
2 I f  correct, increase the weight o f the rule for that class (this applies to all

three match cases: no match, single match and multiple match).
3 I f  incorrect,
3.1 No Match Case: Get the next best classification for the test example, 

until the correct class is found. Then, increase the weight o f the rule that 
gave this classification.

3.2 Single Match Case: Force a no-match classification: Get the next best 
classification until the correct one is found. Then, increase the weight of the 
pertinent rule.

3.3 Multiple Match Case: First, try to get the next best classification from 
all the rules that match the given test example.

3.3.1 I f  the correct class is found, increase the weight o f the associated rule.
3.3.2 Else, i.e. i f  none o f the rules that match the test example give the 

correct classification, force a no-match classification. Get the next best 
classification until the correct one is found, then,
increase the weight of the rule for this class.

In the  above steps, the following two methods were adopted to increase the weight 

of the rule giving the correct classification:

•  M ethod 1: G et the list of all the conjunctions for the rule. Increase the weight of 

each of these conjunctions by 1. Also, increase the size of the training example 

set by 1.

ARTHUR LAKES ÜBRÂRY- 
COLORADO SCHOOL OF MINES 
GOLDEN, CO 80401
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•  Method 2: Retrieve the conjunction from the rule’s conjunction list tha t con­

tributed the  most towards the  estimate of the rule/class. Increase its weight by 

1, and the size of the training example set by 1.

If the num ber of test examples is t and the number of conjunctions is c, in the 

worst case, when no match is used for all test examples, the tim e taken by regular 

deduction would be 0(tc) .  The worst case for dynamic deduction will be when all 

the test examples are classified by multiple match, with the number of conjunctions 

matching each test example being close to the total num ber of conjunctions c, yet 

having to force a  no-match selection for each test example. In this case, the time 

complexity would be O(to2). But in practice, it has been found th a t the increase in 

tim e due to the use of dynamic deduction (as opposed to regular deduction) is of very 

small m agnititude.

3.4.4 An Example Run of Dynamic Deduction

Suppose we have a training set as given in Table 3.1 (a “?” represents an unknown 

value):
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Table 3.1. Example Training Set for Dynamic Deduction

O rder X I X 2 X 3 X 4 X 5 C L A SS
1 1.10 a ? 1 1.00 F
2 1.20 a a 0 0.80 F
3 0.80 c a 1 4.00 F
4 1.01 b c 1 2.10 T
5 0.96 b b 0 0.20 T
6 0.43 a c 1 0.03 T
7 1.51 b a ? 3.00 T
8 1.03 c c 0 3.16 F
9 1.10 c b 1 1.26 F
10 0.96 c b 0 5.30 T
11 0.94 a a 0 4.03 T

After running HCV on the above examples, we get the following rules: 

The 1st conjunctive rule:

[ X2 +  {c}]

—> class T

covering 5 positive examples of the  T  class.

The 2nd conjunctive rule:

[ X3 =  { b } ]
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and 

[ X4 = { 0 } ]

—> class T

covering 2 positive examples of the T  class.

The 3rd conjunctive rule:

[ X2 ?  {6}]

—> class F

covering 5 positive examples of the F  class.

Suppose we have a test example set as given in Table 3.2.

The following are two instances of applying dynamic deduction (Method 2) on 

the above test set:
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Table 3.2. Example Test Set for Dynamic Deduction

O rder X I X 2 X 3 X4 X 5 C L A S S
1 1.10 a a 0 1.00 T
2 1.10 a a 1 1.00 T
3 1.10 b b 1 1.00 F
4 1.10 a c 0 1.00 F
5 1.10 b b 1 1.00 F
6 1.10 a c 1 1.00 F
7 1.10 b a 0 1.00 T
8 1.10 c a 1 1.00 F
9 1.10 c c 1 1.00 T
10 1.10 a b 1 1.00 F
11 1.10 a b 0 1.00 T
12 1.10 b c 0 1.00 F
13 1.10 b b 1 1.00 F
14 1.10 b b 1 1.00 F

•  Example 1: M ultiple m atch used. Based on the E P  values given by the rules 

for the two classes, class F  is picked as the classification for example 1 in Table 

3.2. However, since this classification is wrong, the class with the next best E P  

value is obtained from the list of classes that m atch the test example, and this 

is class T.  Now, for class T , there are two conjunctive rules. The first one i.e

X2 ?  {c}

class T

contributed more than  the second one, towards the estim ate of probability for 

class T.  Hence its weight is increased from 5 to 6, and the size of the training
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set is increased from 11 to 12.

•  Example 3: Single m atch used. The conjunction th a t matches the given example 

is

X 2 *  {c>

—» class T.

B ut the actual class is F.  Hence, a  no match selection is forced, where the M F  

value (i.e. the closeness) of the test example for each class is computed in order 

to pick the one with the highest M F  value.

But again, class T  is picked since it has the highest M F  value for the current 

test example. So the deduction algorithm tries to find the class with the next 

best M F  value, and this is class F.  Class F  has only one conjunctive rule, hence 

its weight is increased from 5 to  6 and the training set size is also incremented 

by 1.

We proceed with all the examples in the test set and at the end of the  deduction 

loop, we have the following values: the training set size is 25, and the weights of the 

three conjunctions induced from the training set are 10, 2 and 14, respectively.

So dynamic deduction as performed above adapts the rule weights to  be more
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representative of the test examples. This can be useful when a representative training 

set cannot be used for rule induction in a particular domain (in order to capture all 

possible cases of attribute values and their classifications), bu t the test examples 

are representative of the example distribution in th a t domain. At the end of the 

deduction process, the rule weights used in the M F  and E P  measures would be 

a  more accurate reflection of actuality if dynamic deduction were used, whereas if 

regular deduction had been used, the conjunction weights would still be “frozen” to  

the inaccurate training set example distribution.

As dem onstrated by the experimental results in the  next chapter, using perfor­

mance feedback from the classification of test examples in the manner described above 

does improve the prediction accuracy of the  original rules. So, dynamic deduction 

provides an alternative where better results can be obtained simply by using the test 

performance to improve prediction accuracy w ithout going through the process of 

induction again.
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Chapter 4 

EXPERIM ENTS

This chapter provides a performance comparision between HCV with dynamic 

deduction and HCV.

4.1 Test M ethodology

Ten databases were taken from the University of California a t Irvine machine 

learning repository. These represent a good mix (See Table 4.1), w ith different pro­

portions of nominal, continuous and unknown attributes and different numbers of 

classes (ranging from 3 to 19).

First, the HCV algorithm was run on each dataset, to  generate rules for the 

different classes. The param eters used to run HCV were the default parameters, 

implying m ethod catlettwas used to discretize continuous attributes. Then, deduction 

was carried out using the two methods described in the previous chapter for increasing 

rule weights. The deduction experiments presented the sam e dataset numerous times 

in order to  test whether the accuracy could be improved by repeated presentations 

of the same dataset. Thus, in Tables 4.2 to 4.11, “T2” means th a t the  original test 

example set was presented twice to the deduction algorithms, “T3” means it was
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presented three times, and so on. The results are compared to those of regular HCV 

(i.e. HCV without dynamic deduction). It must be noted th a t (regular) HCV has 

already been shown to be competitive with other induction algorithms such as those 

mentioned in Chapter 2 [24].

4.2 Results

Tables 4.2 to 4.11 and Figures 4.1 to 4.4 summarize the results. No significant 

increase in time was observed for HCV with dynamic deduction. Hence, time com- 

parisions are not reported. In Figures 4.1 to  4.4, the number of test set presentations 

are shown on the X-axis, and the rules’ accuracy, on the Y-axis. We can see from 

these tables and figures that:

•  As expected, the performance of regular HCV does not change with the number 

of times the test set is presented.

•  Method 1 of dynamic deduction is not very useful. In fact, except in three cases 

( “Cleve2” , “Swiss” and “W tp”), its accuracy decreases (or does not change) 

with the number of times the test set is presented.

•  Method 2 of dynamic deduction seems to be very useful. In all cases, w ithout 

exception, it has increased the accuracy of the results with the num ber of ex­

amples presented. Even in cases where the initial results (given under column 

“T l ”) are slightly worse than  those of regular HCV, it has remarkably picked up
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to exceed the accuracy of regular HCV. For all the cases, results only up to  “T8” 

have been reported in the tables. From Tables 4.3 and 4.8, we see th a t even 

though the last reported accuracy (under “T8” column) does not exceed the 

initial result of regular HCV, there is clearly a trend of increasing accuracy, and 

this accuracy exceeded th a t of regular HCV after a  few more presentations of 

the test set. These improved accuracies were observed for database “Cleve2” at 

T13 (Table 4.3), and for database “Swiss” at T9 (Table 4.8). They are reported 

under column “Best” .

•  The greatest increases in accuracy seem to have occured for databases “Glass2” , 

“Imp85” , “Swiss” and “W tp” . From Table 4.1, we see th a t the attribu tes for 

these databases range from 9 to 38, and the number of classes, from 5 to 13. So 

Method 2 may not be dependent upon these two characteristics i.e. the number 

of a ttribu tes and the number of classes.

•  For database “Hypo” , where 92% of the test examples belonged to  ju st one 

class, the accuracy of regular deduction itself was very high (97.8%), hence 

Method 2 could increase the accuracy by only about 0.2% at the end of eight 

presentations of the test example set.

•  Regular HCV itself did not perform well on databases “Swiss” and “Va” , but 

Method 2 was able to  increase its own initial accuracies by 12.4% and 8.3%, 

respectively, a t the end of eight presentations of the test example set. As can
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be seen from Figure 4.3, Method 2 increased its own accuracy on “Swiss” by 

20% to 30.0% after twenty presentations of the test example set, exceeding th a t 

of regular HCV (28.1%).

So, from the tables and figures, we clearly see th a t the performance of HCV 

with dynamic deduction (using Method 2) is better than th a t of regular HCV (i.e. 

HCV w ithout dynamic deduction) — as the test examples are presented repeatedly, 

the performance of HCV with dynamic deduction improves, whereas th a t of regular 

HCV remains the same.

Table 4.2. Results on CLEVE database

CLEV E T l T 2 T 3 T 4 T 5 T 6 T 7 T 8 B e s t
R e g u la r  H C V 56.0 56.0 56.0 56.0 56.0 56.0 56.0 56.0 56.0

H C V  w /M e th o d l 57.1 56.6 56.4 56.3 56.3 56.2 56.2 56.2 57.1
H C V  w /M e th o d 2 56.0 56.0 56.4 56.6 56.7 56.8 56.8 56.9 56.9

Table 4.3. Results on CLEVE2 database

CLEVE2 T l T 2 T 3 T 4 T 5 T 6 T 7 T 8 B e s t
R e g u la r  H C V 78.0 78.0 78.0 78.0 78.0 78.0 78.0 78.0 78.0

H C V  w /M e th o d l 78.0 78.0 78.0 78.0 78.0 78.0 78.2 78.2 78.2
H C V  w /M e th o d 2 76.9 76.9 76.9 76.9 76.9 76.9 77.2 77.5 78.1
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Table 4.4. Results on GLASS2 database

GLASS2 T l T2 T 3 T 4 T 5 T 6 T 7 T 8 B e s t
R e g u la r  H C V 72.3 72.3 72.3 72.3 72.3 72.3 72.3 72.3 72.3

H C V  w /M e th o d l 64.6 64.6 64.6 64.6 64.6 64.6 64.4 64.2 64.6
H C V  w /M e th o d 2 72.3 75.4 76.4 76.9 77.2 77.4 77.6 77.7 78.2

Table 4.5. Results on HYPO database

H Y P O T l T 2 T 3 T 4 T 5 T 6 T 7 T 8 B e s t
R e g u la r  H C V 97.8 97.8 97.8 97.8 97.8 97.8 97.8 97.8 97.8

H C V  w /M e th o d l 97.7 97.6 97.6 97.6 97.6 97.6 97.6 97.6 97.7
H C V  w /M e th o d 2 97.8 97.8 97.9 97.9 97.9 97.9 98.0 98.0 98.0

Table 4.6. Results on IMP85 database

IM P  85 T l T 2 T 3 T 4 T 5 T 6 T 7 T 8 B e s t
R e g u la r  H C V 62.7 62.7 62.7 62.7 62.7 62.7 62.7 62.7 62.7

H C V  w /M e th o d l 62.7 61.9 61.6 61.4 61.4 61.2 61.3 61.2 62.7
H C V  w /M e th o d 2 62.7 64.4 65.5 66.1 66.4 66.7 66.8 66.9 69.2

Table 4.7. Results on SOY database

SOY T l T2 T 3 T 4 T 5 T 6 T 7 T 8 B e s t
R e g u la r  H C V 66.9 66.9 66.9 66.9 66.9 66.9 66.9 66.9 66.9

H C V  w /M e th o d l 65.9 65.5 65.4 65.4 65.4 65.4 65.4 65.4 65.9
H C V  w /M e th o d 2 66.5 67.7 68.3 68.6 68.9 69.1 69.2 69.3 69.3

Table 4.8. Results on SWISS database

SW ISS T l T 2 T 3 T 4 T 5 T 6 T 7 T 8 B e s t
R e g u la r  H C V 28.1 28.1 28.1 28.1 28.1 28.1 28.1 28.1 28.1

H C V  w /M e th o d l 25.0 28.1 29.2 28.9 28.8 28.6 28.6 28.9 28.9
H C V  w /M e th o d 2 25.0 25.0 26.0 26.6 26.9 27.1 27.7 28.1 28.5
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Table 4.9. Results on VA database

VA T l T 2 T 3 T 4 T 5 T 6 T 7 T 8 B e s t
R e g u la r  H C V 26.8 26.8 26.8 26.8 26.8 26.8 26.8 26.8 26.8

H C V  w /M e th o d l 25.4 25.4 25.4 25.0 24.8 24.6 24.5 24.5 25.4
H C V  w /M e th o d 2 25.4 26.1 26.3 26.8 27.0 27.2 27.4 27.5 27.5

Table 4.10. Results on WINE database

W IN E T l T 2 T 3 T 4 T 5 T 6 T 7 T 8 B e s t
R e g u la r  H C V 90.4 90.4 90.4 90.4 90.4 90.4 90.4 90.4 90.4

H C V  w /M e th o d l 90.4 90.4 90.4 90.4 90.4 90.4 90.4 90.4 90.4
H C V  w /M e th o d 2 90.4 90.4 90.4 90.9 91.2 91.3 91.5 91.6 91.6

4.3 A Comparision of Dynamic Deduction M ethods

As mentioned in the previous section, from Tables 4.2 through 4.11, we see tha t 

of the two dynamic deduction m ethods used, method 2 performed much better than 

m ethod 1.

This is because of the way m ethod 1 works: It gets the conjunction list of the 

rule giving the right classification, and increases the weights of all the conjunctions 

in this list by an equal amount. This implies that all these conjunctions m atch the 

test example equally well. We can see tha t such a conclusion need not be valid at all

Table 4.11. Results on W TP database

W T P T l T 2 T 3 T 4 T 5 T 6 T 7 T 8 B e s t
R e g u la r  H C V 55.2 55.2 55.2 55.2 55.2 55.2 55.2 55.2 55.2

H C V  w /M e th o d l 50.0 50.6 51.1 51.4 51.6 51.8 52.0 52.2 52.2
H C V  w /M e th o d 2 57.5 58.0 58.2 58.5 58.9 59.3 59.9 60.3 62.7
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times. Also, the relative importance of the “right” conjunction is decreased because 

the weights of all the other conjunctions are also increased by an equal amount. 

Finally, since the weights of all the conjunctions are increased for the correct class, 

the E P  and M F  values for this class may turn  out to be disproportionately high for 

other m ultiple m atch and no m atch test examples, leading to more misclassifications. 

So, as the number of times the test example set is presented increases, the results 

may deteriorate (as evidenced by the results in Tables 4.2 to 4.11).

On the other hand, in m ethod 2, for each correct classification we increase the 

weight only of the most im portant conjunction (defined as the conjunction th a t con­

tributed  the most to the E P  or M F  value for the given test example). This refines 

the conjunction weights to  be in line w ith the distribution of examples in the test set, 

in tu rn  increasing the rules’ accuracy.
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Figure 4.1. Results of HCV using deduction method 2 on: (a) GLASS2
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Figure 4.2. Results of HCV using deduction method 2 on: (b) IMP85
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Figure 4.3. Results of HCV using deduction method 2 on: (c) SWISS
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Figure 4.4. Results o f HCV using deduction method 2 on: (d) WTP
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C h a p te r  5 

S U M M A R Y  A N D  F U T U R E  W O R K

5.1 S u m m a ry

In this thesis, we have taken a  highly efficient and competitive induction al­

gorithm , HCV, and explored whether its performance accuracy can be improved at 

deduction tim e by dynamically refining rule weights. The results in Chapter 4 prove 

th a t th is can indeed be done, and thereby stand testim ony to the significant advan­

tage of dynamic deduction over regular or “static” deduction. Dynamic deduction 

can be especially advantageous when the training set used for induction is not wholly 

representative of the actual distribution of examples in the particular domain in ques­

tion. A t such times, dynamic deduction allows the rules to  adapt themselves to the 

actual distribution, and thus increase their own classification accuracy.

5.2 F u tu r e  W o rk

There are several other aspects of the above work th a t can be expanded upon:

•  O rd e r  o f  t e s t  ex am p les . The test examples are currently presented to the dy­

namic deduction algorithm in the same sequence a t each presentation. This can 

be changed (for instance, the test set can be shuffled before each presentation)
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to  see whether the performace of dynamic deduction changes.

•  R u le  w e igh ting . O ther ways to increase the weight of the correct rule can also 

be explored. For example, if a rule has three conjunctions, and the contributions 

of these conjunctions towards the EP or MF value of a test example are 50%, 

30% and 20%, respectively, we can possibly increase their weights by 5, 3, and 

2 respectively, and increase the weight of the training set by ten.

•  N ew  te s t  se ts. Testing the accuracy of the dynamically refined rules on a 

new, unseen test set (i.e., different from the one used for dynamic deduction) 

is another aspect th a t might provide a further evaluation of the usefulness of 

dynamic deduction.

•  M ix in g  tra in in g  a n d  t e s t  se ts . Comparing rule accuracies in the follow­

ing two cases may also provide additional insight into dynamic deduction: 1) 

Adding the test examples to  the training set for regular induction and deduction 

processes, 2) Inducing rules from a training set and refining them using the test 

set, in the manner described in this thesis.

•  C ro ss V a lid a tio n . Six-fold cross-validation, i.e., dividing the entire collection 

of examples (including “training” and “test” sets) into six parts, and by turns, 

treating one of these six parts as a test set while using the other five parts for 

training, may also give further proof for dynamic deduction.
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