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In this thesis a procedure for learning in a distributed manner is proposed �LRDE��

Decision trees may be grown on disjoint subsets of training data on di�erent processors

and converted to rules� The rules from these disjoint subsets of data can then be

combined together� Three approaches to rule combination are presented�

	� Con�ict resolution � Con�icts are resolved between two rule sets and then the

rule sets are combined� This approach is an extension to the work by Williams

�Wil���� The results of this approach are promising accuracy wise for the data

sets tested� but communication costs seem prohibitive� This approach requires

data communication which will become a bottleneck as the size of the data sets

increases�

�� Rule goodness � Each rule is passed to each processor and tested against that

processors data set� A threshold for the goodness of the rule is established based

on the class distribution� Any rule whose performance after evaluation against

every other processors� data set is not above that threshold is ignored� Since the

rules are learned on disjoint subsets of data� this approach allows con�icts in

the �nal merged rule sets� If two rules con�ict with each other� the rule having

worse performance is discarded� Two approaches towards discarding con�icting

rules were tried� pairwise con�ict resolution and global con�ict resolution� In the

pairwise con�ict resolution approach� the rules are ordered by their performance

estimate and compared as pairs and the worse performing rule is removed� In

the global con�ict resolution approach� a table of con�icting rules across the

entire rule set is created and the worst performing rules are eliminated� The

global con�ict resolution approach is more promising than the pairwise con�ict

resolution approach�

�� A comparison of the con�ict resolution approaches with the voting approach is

also presented� In the voting approach� data sets are distributed across proces�
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sors� resulting in disjoint partitions� Rules are learned on each of the partition

and then used to classify unseen examples� The rules could be given a uniform

weight of one or weighted by a performance metric� This approach would resolve

con�icts at the time of classi�cation� assigning a class to the unseen example

based on the majority �weighted� vote�

Results on data sets from the UCI Irvine repository are analyzed� A real world

application of the pattern recognition algorithm� AVATAR �Adaptive Visualization

Aid for Touring and Recovery�� is also discussed�

Abstract Approved�
Major Professor� Lawrence O� Hall� Ph�D�
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CHAPTER �

INTRODUCTION

This thesis explores learning decision rules from distributed data sets in a parallel

environment� Modern scienti�c data sets are becoming so large� that it has become

very di�cult to learn on a single processor from all availble data� We are entering

into a world of terabytes of data� and to capture the exact underlying description

from a terabyte of labeled data is a challenge� For example� visualization tools need

to be able to guide the user through the data set and do an exploratory analysis of

data and help highlight the relevant details�

To illustrate� consider an example� �Figure 	 shows the instantaneous x� and z�

vorticity �elds for large�eddy simulation with a Reynolds number of 	������ This

�ow exhibits Taylor�type instabilities and Taylor�G�oertler vortices� The latter can be

seen most clearly in the vortex�pairs in the x�vorticity image� at the right end of the

box� These features are of great interest� But though they are easy to recognize once

located� they are di�cult to describe or articulate a priori�

�a� �b�

Figure 	� a� x�vorticity� and b� z�vorticity�

�The vorticity examples were generated by Mark Christon� using MUSTAFA to visualize data

generated by GILA� a massively parallel machine and were provided by W� Philip Kegelmeyer�

	



Another example could be a diabetes data set comprised of medical records col�

lected from a population� It is desirable to learn rules based on these medical records

and identify patients in the population having diabetes� This process of learning

rules discovers information embedded in the data and presents empirical rules for

classi�cation of unseen data�

The problem calls for pattern recognition techniques� perhaps with visualization

tools providing an interface for learning� Very large data sets may not �t in memory�

thus the need for a distributed and�or parallel learning environment�

The visualization tool will provide the mechanism� for a supervised labeling ses�

sion� The data set will be labeled by experts to identify salient regions in the data

set� This will result in a very large number of training instances because a visual�

ization data set typically consists of a series of patterns over time� The labeled data

generated in this way can be used to train a classi�er�

In this thesis� a method is proposed to deal with learning from very large data

sets� The data will be partitioned into disjoint subsets� decision trees learned on each

and converted into decision rules� The decision trees are learned using C
�� �Qui���

release 
� The rules will be combined based on a set of heuristics� Ideally� the �nal

learned rule model should be free of con�icts and have an accuracy equivalent to that

of the rule set learned from the entire data set�

��� Overview of the thesis

This thesis delves into an approach for distributed learning which results in a sin�

gle classi�er model� Chapter � presents the related work in this area� Chapter �

presents background information on decision trees and rules and some of the existing

approaches to learn trees and rules� Chapter 
 proposes a variation in the con�ict

resolution algorithm proposed in �Wil��� and how that �ts in the distributed envi�

ronment� Chapter � proposes another distributed rule learning mechanism based on

�



some work in �FJP���� Chapter � also deals with alternate strategies of rule combi�

nation� Chapters 
 and � also contain experiments to illustrate the theory� Chapter

� shows an application of the pattern recognition techniques proposed in the thesis

and discusses the approach to develop an Adaptive Visualization Aid for Touring

and Recovery �AVATAR� for large data sets� This is an integration of the learning

algorithm with the MUSTAFA visualization tool� Chapter � provides the summary

and directions for future work�

�



CHAPTER �

DECISION TREE LEARNING

��� Decision trees

Inductive learning identi�es relationships between the attribute values of training

examples and the class of the examples� thus establishing a learned function� Decision

trees �BFOS

� Qui
�� Qui��� are a popular classi�er for inductive inference� Decision

trees are trained on examples comprised of a �nite number of predicting attributes

together with class labels and a learned model is established based on tests on these

attributes� This learning mechanism approximates discrete valued functions as the

target attribute� The types of training examples applicable to decision trees are

diverse� they could range from consumer credit records to medical records� Decision

trees help in extracting the underlying meaning in data�

A decision tree is a directed tree structure comprised of nodes� Each node of the

decision tree speci�es a test on an attribute and the branch emanating from that node

is labeled by the value of the attribute tested at the node� The structure of a decision

tree is comprised of a unique root node of an in�degree zero and an out�degree greater

than or equal to zero� one or more leaves� having an in�degree of equal to zero and an

out�degree of zero and a series of intermediate nodes having an in and out�degree of

greater than or equal to one� Each attribute test is strictly propositional� any boolean

function can be written as a decision tree� though this is extensible to functions with

a larger range of outputs� A decision tree is essentially in a disjunctive�conjunctive

form� wherein each path is a conjunction of the attribute value pairs and the tree

by itself is a disjunction of all these conjunctions� An instance arriving at the root






Figure �� An example of building a decision tree from a training set�

node� takes the branch it matches based on the attribute�value test and moves down

the tree following that branch� This continues until a path is established to a leaf

node� providing the classi�cation of the instance� If the target attribute is true for the

instance� it is called a �positive example�� otherwise it is called a �negative example��

Figure � shows a set of examples and a learned decision tree�

Decision trees have been found to be a very useful tool in the �eld of Data Mining

for an exploratory analysis of data� Hunt et al� were the pioneers in the �eld of

decision trees �HMS����
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Steps to Tree Construction�

	� If all the instances in the training set belong to one class� then return that class

as default class and terminate the tree building�

�� Else� evaluate each attribute at a node using some heuristic for calculating the

�goodness� of the attribute�

�� Take the best evaluating attribute� and create branches from the node� with

each branch labeled with a value of the attribute� For continuous attributes

branches are labeled with � x and � x�


� Each branch ends at a node� Partition the training set to each node based on

the test at the level above�

�� When all or most of the instances at a node belong to one class� declare that

node as a leaf�

�� Continue the procedure of growing nodes until all the instances fall into some

leaf�

There are di�erent measures that can be applied to determine the goodness of a

particular split for an attribute �BFOS

� Min
�b� Qui����

����� Pruning of decision trees

Aiming to perfectly classify the given set of training examples� a decision tree may

over�t the training set� If the training set has noise or outlying erroneous instances�

the decision tree would be grown deep to perfectly classify all these examples� This

would give rise to a decision tree that performs very well on the training set� but not

so well on unseen examples�

Mitchell �Mit��� de�nes over�tting as

�



�Given a hypothesis space H� a hypothesis h � H is said to over�t the

training data if there exists some alternative hypothesis h� � H� such that

h has smaller error than h� over the training examples� but h� has a smaller

error than h over the entire distribution of instances���Page ��� �Mit����

To avoid over�tting� the approach used is pruning of decision trees� This allows

the tree to completely grow and over�t the data� if needed� and then it is pruned�

Pruning involves evaluating every node of the decision tree and the subtree of which

it is the root� as a potential candidate for removal� A node is converted into a leaf

node by assigning the most common classi�cation associated at that node� There

are two classes of methodologies for pruning a decision tree� Cost�complexity pruning

�BFOS

� and Reduced�error pruning �Qui
��� There are a number of methods to

prune a decision tree �Min
�a� OJ�
��

����� C���

C
�� constructs trees using a divide�and�conquer approach �Qui���� The selection of

a split or test at a node is based on a statistical property� information gain�

Continuous attribute splits are associated with binary tests of � and �� If A is

a continuous valued attribute� then the splits will be A � X and A � X� To choose

the threshold for a split� sort all the training instances associated with the attribute

in consideration� say X� If there are N such attribute values� then there will be N�	

possible split thresholds on X� Each such threshold can be given as

T � �vi � vi�����

� where vi is the value of attribute X and vi � vj j i � j so the values are in sorted

order� This has the e�ect of dividing the training instances into two unique subsets

at the node at which the attribute is evaluated� The ability to choose a threshold

�



t to maximize the splitting criterion favors continuous attributes with many distinct

values �Qui����

The gain ratio establishes the goodness of the attribute in separating the training

examples according to the target concept� Given a set of K of training instances at a

node� C the number of classes and p�K� j� the proportion of cases in K that belong

to the jth class �Qui���� the information is�

Info�K� � �
CX

j��

p�K� j� � log��p�K� j��

The information gained by a test T with m outcomes is

Gain�K� T � � Info�K��
mX

i��

jKij

jKj
� Info�Ki�

The information gained by a test is strongly a�ected by the number of outcomes�

being strongly biased towards cases with many outcomes� Information gain will be

maximal when each subset has only one case� Hence� Quinlan uses the gain ratio

criterion �Qui��� Qui��� to select among attributes� The bias towards continuous

attributes with many distinct values is overcome by adding a penalty term to the

Gain which is the number of distinct values at node K to the number of examples

at K� N is the number of distinct values of a continuous attribute� The threshold

ranking value �TRV� at node K is then

TRV � GAIN�K� T �� log��N � ���jKj

The attribute with highest TRV and its associated split will be used in the decision

tree� In �Qui���� it has been shown that this produces compact and accurate trees

when compared with the gain ratio criterion�






����� Pruning in C���

C
�� uses an approach called the pessimistic pruning �Qui���� Pessimistic pruning

doesn�t require a separate test set for the pruning process� It has been shown to be

quite fast� producing trees perform adequately �Min
�a� Qui����

Error complexity and cost complexity pruning have been shown to produce small

and adequately performing trees �Min
�a� OJ���� These approaches are not very

feasible for small data sets as they require a separate test set� but work well for large

data sets� The downside is the computational complexity arising from large decision

trees� as this entails creating and evaluating every possible subtree from the initial

decision tree�

A less time consuming method which appears to result in accurate trees of reason�

able size �Min
�a� is reduced error pruning �Qui
��� Even though this approach also

requires a separate test set� it is less time consuming than error complexity pruning

since it considers only reductions of the tree which reduce error on the pruning test

set� However� this results in larger trees than error complexity pruning� which can be

an issue for large data sets �HCB�
��

Oates and Jensen �OJ�
�� have pointed out that for large data sets for which

training sets initially consist of a subsample� with the addition of more training ex�

amples� the tree size tends to increase without the accuracy being a�ected� They

used C
�� release � in their experiments� and they have shown that only the case of

error�complexity pruning �in some cases� kept trees from growing when no increase

in the accuracy of the tree was observed� Hall� Chawla and Bowyer �HCB�
� found

that the trees were much smaller using C
�� release 
 on the Australian data set

�OJ�
� BM�
�� They used pessimistic pruning� and the accuracy seemed to grow

slightly with the tree size�

�



����� CART

CART� an acronym for Classi�cation and Regression Trees� was developed by a group

of statisticians� �BFOS

�� CART also grows decision trees using a divide and conquer

approach� but allows for only binary partitions or splits at each node� There are

various attribute selection criteria in CART �BFOS

�� A popular one is the Gini

selection criteria�

This attribute selection criteria measures the separability between classes� The

partition that maximally reduces the diversity between classes is chosen�

Assuming c possible classes at a node and the node split intom possible partitions�

the gini index for the ith partition is

ginii � 	�
cX

i��

�
pij
pi
��

where pij is the number of examples i with class label j� c is the number of classes

and pi is the total number of examples at partition i�

The gini index for the total split is given as

ginisplit �
mX

i��

�
pi
p
�ginii

The splitting decision with the minimum ginisplit is chosen�

��� Rules

Decision trees after pruning are simpler and more accurate� but they do not necessarily

provide much insight� The decision at each node is established based on the outcomes

at the antecedent nodes� making them di�cult to trace� In a decision tree the leaf

indicates a classi�cation� If we trace the path from the root to that leaf� a set of

	�



RULES

�� If wind�speed � high Then Bike�day

�� If wind�speed � medium Then Couch�day

�� If wind�speed � low and Temp �� �� then Couch�day

�� If wind�speed � low and Temp 	 �� Then Bike�day

Figure �� Rules generated from a decision tree�

decisions at each node can be encompassed in a rule for that particular leaf� Figure �

shows the decision tree from Figure � converted to set of rules�

This example takes the form of a production rule �Win���� C
��rules �Qui����

rewrites the tree as a collection of rules� creating a rule for each leaf of the tree and

performs a computationally intensive post�pruning process on the rules�

Ripper�Coh���� is a propositional rule learning algorithm� extensible naturally to a

�rst�order representation� Ripper is an o�shoot of IREP �FW�
�� It is computation�

ally faster than C
��rules and is comparable in accuracy to C
��rules �Coh���� Also�

Ripper has been shown to be much more e�cient than C
��rules on noisy data sets

�Coh���� Ripper learns rules by ordering the classes by their frequency in the data

set and growing rules for classes in the order of lower frequency to higher� removing

the instances covered� both positive and negative for the rule created� This process

is repeated� with the new rules being learned on the leftover examples� until a single

class remains� this class is then used as a default class� The modi�cations of Ripper

to IREP are in three areas� the metric for rule�performance� the stopping condition

for adding rules to the rule set and optimization of rules�

Another concept of learning rules in an expert system domain is described in

�FB
�� � They have described a method for learning hierarchical knowledge from the

knowledge base of an expert system� Each training instance is described by low level

features and high level concepts� The intermediate knowledge basically represents a

relationship between the low level features and high level concepts�

		



The reasoning hieararchy can be represented as �FB
��

They represent the learning formulation as

�Given�

A set of training instances

�or a set of LN � HN��

Find� Rules of the form LN �� IN and IN �� HN

consistent with the training instances��

�FB
���

where IN � Intermediate level node� HN � High level node� LN � Low level node�

	�



CHAPTER �

RELATED WORK

Learning from large data sets is challenging� as the data will not �t in memory and

the amount of time required to sift the data serially will be exorbitant� This thesis

describes parallel approaches to learning from such data sets� In particular� the thesis

investigates learning rules from disjoint sets of data and combining the rules learned

into a single model� The data can be distributed to di�erent processors and learning

done in parallel�

There are other possible approaches to parallel learning from large data sets�

Shafer et al �SAM��� built a decision tree in parallel� SPRINT is implemented on

an IBM SP�� SPRINT associates an attribute list for each attribute in the data�

Entries in the attribute list are called attribute records and are comprised of an at�

tribute value� a class label� and the index of the training record� As a tree is grown

and nodes are split� the attribute lists associated with that node are partitioned and

passed on to the children� The splitting rule used by SPRINT is the Gini index�

For continuous attributes histograms are maintained� these histograms are labeled

as Cabove and Cbelow� For categorical attributes a count matrix is maintained� One

of the major concerns associated with parallel decision tree building is �nding good

split�points and partitioning the data accordingly� SPRINT assumes a nothing�shared

environment and distributes the attribute lists uniformly over available processors of

a machine� The partitioning is achieved by �rst distributing the training set examples

equally among all the processors� each processor then generates attributes lists in par�

allel� This leads to an even partitioning of the continuous attributes� The continuous

	�



attributes are sorted using a parallel sorting algorithm �DNS�	� � With this sort�

ing operation each processor gets fairly equal�sized sorted sections of attribute lists�

SPRINT achieves uniform workload balancing� Shafer et al have found SPRINT to

have excellent scale�up and speed�up characteristics�

One disadvantage of SPRINT is the attribute lists� whose size is proportional to

the size of the training set� Another downside is the expensive disk I�O when the

attribute list does not �t in main memory�

Joshi et al �JKK�
� have proposed a parallel construction of a decision tree� capable

of handling large data sets� They have shown that SPRINT is unscalable in runtime

and memory requirements� ScalParC� the parallel decision tree algorithm proposed

in �JKK�
�� is claimed to overcome these shortcomings of SPRINT and is claimed to

be �truly scalable in both runtime and memory requirements�� It uses a distributed

hash table to implement the splitting� A scalable parallel hashing paradigm is used

to achieve scalability in the splitting phase� Some experiments were run using Scal�

ParC �MHB� on the DOE�s ASCI Red machine and the decision trees generated had

impossible splits� There is a �aw in the design of the algorithm�

A parallel implementation of C
�� has been done by Darlington et al �DGST����

Two approaches are discussed in the paper� In one approach� the entire training

set is duplicated onto all processors� A master processor grows a decision tree until

there are as many leaves in the intermediate tree as the number of processors� Each

processor is then allocated one of the leaves and a pointer to the start and end of data

for the corresponding leaf by the master processor� Each processor then completes the

tree construction for its leaf� This approach is unscalable memory wise� as an increase

in the training set size would increase memory costs� In the other approach� data is

partitioned across processors� As in the previous approach� a master processor grows

a decision tree until there are as many leaves in the intermediate tree as the number

of processors and then each processor is allocated a leaf� The data for each leaf must

	




be communicated to each corresponding processor� This entails high communication

costs and is a bottleneck� The experiments were run using three di�erent data sets

from the UCI Repository of Machine Learning Databases �BM�
�� The performance

of the algorithms on the data sets scaled up to 	� processors�

Rules can be created from decision trees and then post�processed� This is com�

putationally expensive� A parallel approach to pruning the rules has been described

in �Kuf���� Kufrin has described three approaches to parallel pruning� rule based

divides the rules over the processors� instance�based divides the training instances

across available processors and class�based� this approach divides the class rule sets

corresponding to one of the possible classes on the processors� Though� the paper

presents the computational gain over the sequential C
��rules� scalability with large

data sets has not been shown�

Chan and Stolfo �CS��a� CS��b� have proposed an arbiter and combiner strategy�

In their strategy� base classi�ers are learned on the disjoint subsets of data� In the

arbiter strategy� the arbiter learned is used to arbitrate among the decisions generated

by di�erent classi�ers� For learning the arbiter� there is a separate validation set� For

all the examples in the validation set on which there is no majority vote by the base

classi�ers� an arbiter is learned by the same learning algorithm that was used to

generate the base classi�ers� In the combiner strategy� the predictions generated by

the base classifers form the training set for the combiner� The combiner computes a

prediction from the base classi�er prediction� This approach combines the predictions

from the base classi�ers by learning a relationship between these predictions and

the correct prediction� Chan and Stolfo �CS��� present a comparison of arbiter and

combiner strategies by applying a learning algorithm to disjoint subsets of data� The

experiments show that the arbiter strategy sustains the accuracy compared to the

classi�er learned on the entire data set� The combiner strategy experienced a drop

in accuracy with the increase in the number of subsets� which can be attributed to
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the lack of enough information content from the small subsets� In a few cases an

improvement in the accuracy was observed� In the approach discussed in �CS��� they

propose partitioning the training set but allowing the replication of the training set

over the partitions� The results with the replication of the training set do not show

any measurable improvement in accuracy� This leads to the conclusion that with data

replication not much is gained in accuracy� The authors conclude that meta�learning

can be successfully applied to disjoint partitions of data� without much reduction of

accuracy while maximizing computational performance�

Provost and Hennesey introduce an approach in �FJP���� in which rules are learned

on disjoint subsets of data over di�erent processors and then combined into a single

model� Rules are learned over the distributed disjoint subsets� When a rule is �sat�

isfactory�� that is it meets the evaluation criterion for the subset of the data� it is

communicated to the other processors to get a global evaluation� If the rule adheres

to the evaluation criterion globally� it becomes a �satisfactory� rule�

Models can be learned on distributed sets of data and then the models can be

combined using a voting scheme� Bagging �Bre��� uses the approach of resampling�

but resampling is random and all models are given equal weight� The performance

of bagged classi�ers has usually exceeded that of a single classi�er� Since� bagging

replicates data it may be possible that some data may not be a part of any training set�

For a training set of diverse nature� some important data points may be missed in the

training phase� In boosting �Fre��� resampling occurs based on how well the training

samples are classi�ed by the previous model� The models are weighted depending on

the estimated error rate� In boosting� since the training set for one model depends

on the previous model� it requires sequential runs and thus is not readily adapted to

parallel environment� Merz in �Mer��� looks at combining multiple learned models

with the goal of forming an improved classi�er� The paper looks at combining multiple

models from predictions based on a voting scheme� The author uses stacking �Wol���
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and correspondence analysis �Gre

� to combine multiple models into one� Stacking

is the methodology in which the models learned are tested against a data partition

that was held out during training� The predictions on the examples in the held

out data partition are paired with the correct class and used for further training�

Correspondence analysis explores the relationship between the training examples and

the classi�cations of them by the learned model� There will be one row for each

training example and for m classi�ers and c classes it will have �m�	��c columns per

row� thus correspondence analysis will be very costly for a large data set� Bauer and

Kohavi have presented an empirical comparison of Bagging� Boosting and Variants

�BK���� They found that the best performance came from AdaBoost �FS���� They

found Bagging to increase performance without any degradation� Boosting was found

to be a�ected by noise�

The paper �SB��� has proposed a �Distance Metric� methodology� wherein the

trees are grown over the subsets of data and a maximum likelihood estimate of a

central tree is estimated� For instance� if there are 	� trees grown� each tree is a

potential candidate for a central tree� For each such tree� ��� neighboring trees

are grown by adding a split at a node or removing a split at a node� The tree

with maximum log�likelihood is chosen� After all the trees have been tried� the tree

structure with maximum likelihood estimate is reported� They do an experiment

where n � 	� and each n is a clinical trial at a di�erent hospital� Only continuous

attributes are in these trees� The performance is better than with individual trees or

a tree grown on full data� This approach will not work well unless the distribution of

tree shapes is unimodal�

To deal with large data sets� Provost �FPO��� proposes sampling the data� The

point is do we really need all the data� Provost strongly believes that all the data is

not needed for learning� He says the learning curve needs to be observed �FPO����

After some time the learning reaches a saturation point in terms of accuracy� and

	�



adding more examples for the learning phase is not helpful� Bailey et al in �BCG����

talk about the issue of the importance of all attributes in an example� They propose

the idea of vertical partitioning� and use only the attributes that carry enough infor�

mation content as those attributes would be used by the classi�er� The rest of the

attributes may not be needed�

Most machine learning algorithms have an inherent assumption that all the errors

have the same cost� In most real world problems� resultant errors have di�erent types

of cost� For example in a breast�cancer detection algorithm� the cost of not identifying

the person having micro�calci�cations is a very costly error� Domingos �Dom��� has

proposed a method MetaCost for making error�based classi�ers cost�sensitive� If the

cost of misclassifying the examples of a class becomes more expensive relative to the

other classes� the decision boundaries of that class will expand into the regions of

the other classes� The MetaCost algorithm basically creates bootstrap samples of the

data space and learns separate classi�ers for each space� Then� the probability of

each class for each example is estimated� The examples are then relabeled with the

optimal class by the cost matrix� The paper shows experiments comparing Metacost

to C
��R �a combination of C
�� and C
��rules� and strati�cation�

�Globally� the average cost reduction obtained by MetaCost compared to

C
��R is approximately twice as large as that obtained by undersampling�

and �ve times that of oversampling���Page 	��� �Dom����

Many metrics�algorithms have been proposed to associate a performance�goodness

measure with a rule�s�� Bayardo and Agrawal �BA��� propose that the best rule ad�

hering to any of the metrics should lie along a support�con�dence border� It is

di�cult to come up with a metric that quanti�es the goodness of a rule� The concept

proposed by the paper is based on a partial ordering of rules de�ned both in terms

of rule con�dence and support�

	




CHAPTER �

RULE COMBINATION I

Chapter � discussed various techniques for combining classi�ers or creating a single

classi�er in parallel� This chapter delves into a strategy of combination of decision

trees to create a single classi�er model� The goal is to improve the accuracy and

coverage of the resulting learned model� Disjoint subsets of very large data sets are

created� Decision trees are learned on each of the disjoint subsets� decision trees can

be learned in a fast� cost�e�ective manner� Taking the learning time into account� de�

cision trees learn quickly�Qui��� BFOS

� compared to the other learning algorithms

such as RL �FB
�� and Ripper �Coh���� Decision trees can be translated into an

equivalent set of rules� which are a more expressive form� Rules can be combined by

taking a merge of N rule sets into one rule set� In doing so the coverage may not

su�er but the accuracy could be a�ected� rules from di�erent rule sets may conclude

di�erent decisions for a training sample� That is� the rules may be in con�ict �Wil����

��� What are con�icts�

Williams �Wil��� has de�ned two rules to be con�icting� if they have all but one

condition as common� but lead to di�erent classi�cation decisions� For instance� the

rules in Figure 
 con�ict� The two rules have all but one condition the same� The

di�erent conditions are z � �� and w � 	� in Rule 	 and Rule �� respectively� There

is an overlap in the decision space because of the common conditions�

A pair of con�icting rules may �re for the same example� with one of them belong�

ing to the right class� The rule will be classi�ed depending upon the order of �ring

	�



Rule �


x � �

y 	 �

z �� ��

�	 class A

Rule �


x � �

y 	 �

w 	 ��

�	class B

Figure 
� Example of two rules in a con�ict� These two rules have all but one condition
as same�

Rule �


Plasma glucose concentration 	 ������� �	 class � 
�����

Rule �


Plasma glucose concentration 	 �������

Two Hour serum insulin �� �������

Body mass index 	 ������

Body mass index �� ������ �	 class � 
������

Figure �� The attribute Plasma glucose concentration has an overlapping range of
values� This is a potential con�ict though all the other conditions are di�erent�

of the two rules� if only one rule �ring is allowed� This con�ict should be resolved�

with the example falling under the �correct� rule�

The above condition de�ning a con�ict is a very restricted form� There can be

other rules which may be di�ering in more than one condition but at the same time

be in a con�ict� The rules which are not mutually exclusive are possible con�icting

rules�

Figure � is another instance of two rules being in a con�ict� In this particular

case� there is only one common condition� Plasma glucose concentration� between the

��



Rule �


sepal length in cm 	 ��� �	 class Iris�viginica 
�������

Rule �


petal width in cm �� ��� �	 class Iris�setosa 
�������

Figure �� Rules having no conditions in common�

Table 	� Types of con�icts�
Con�ict Type Example
The �rst is as in Williams dissertation �Wil���� Figure 

two rules having all but one condition same and
deriving di�erent classes are de�ned to be
in con�ict�
The second is that n conditions involve di�erent Figure �
attributes and there are m other conditions that Figure �
overlap to some degree �i�e� are not mutually exclusive��
In this case� � ��m and ���n�

two rules� This pair of rules is a potential con�ict� Figure � is another instance of

a con�ict� Rule 	 and Rule � each have one completely di�erent attribute and could

possibly �re for the same examples as they are not mutually exclusive�

Thus� mutual exclusivity is the necessary and su�cient condition for rules to not

to be in a con�ict� These con�icting rules must be identi�ed and resolved to remove

the con�icts� The approach of con�ict resolution pursued is an extension of Williams�

work �Wil���� where multiple decision trees� each with a di�erent bias� were induced

from the same data set�

The various type of con�icts can be summarized in Table 	�

�	



��� Con�ict resolution

	� Learn rules

With training data distributed to N processors� each processor grows a tree using

the data it has and converts the tree to rules� Then each processor exchanges

rules with every other processor�

�� Eliminate redundant conditions

For each rule check if there is any condition that would subsume other condi�

tion�s� in the rule� For instance in�

x 	 �

x 	 ��

y �� ��

�	 Class A

Condition x � 	� subsumes the condition x � 
 and thus would eliminate x �


 giving the following rule�

x 	 ��

y 	 ��

�	 Class A

Simarily� another case could be�

x �� �

x �� �

y 	 ��

�	 Class A

Condition x � � subsumes the condition x � 
� giving the �nal rule

��



x �� �

y 	 ��

�	 Class A

�� Con�ict identi�cation

The theory of con�ict identi�cation has been discussed in the Section 
�	 and

enumerated in Table 	�


� Eliminate the con�icts

Con�ict resolution should get rid of all the con�icts� while keeping the coverage

and improving or maximizing the accuracy� The attempt is towards maxmizing

the individual coverage of each of the con�icting rules while de�ning a new rule

to cover the con�icting set of examples� Di�erent strategies were developed

to resolve the di�erent types of con�icts that may be encountered� The �rst

con�ict strategy is similar to the one proposed by Williams in �Wil���

�a� Strengthen each of the rules in con�ict� by negating the di�ering condition

in the rules �negating the conditions means the � sign becomes �� and

vice�versa��

r	� cond and cond	 � class	

r�� cond and cond� � class�

r	 and r� are in con�ict� so we add two new strengthened rules nr	 and

nr��

nr	 � cond and cond	 and � cond� � class	

nr� � cond and cond� and � cond	 � class�

For example�

r	� p
 � ��� and p� �� ��� � C	

r�� p
 � ��� and p� � 	�� � C�

��



are in con�ict since only one condition di�ers in both the rules and they

both result in di�erent classes�

Strengthening r	 and r� we get�

nr	 � p
 � ��� and p� �� ��� and p� �� 	�� � C	

nr� � p
 � ��� and p� � ��� and p� � 	�� � C�

These two rules are now mutually exclusive and will only �re for the ex�

amples exclusive to each� In the process of strengthening the rules� the

coverage for the examples satisfying the conditions p
 � ��� and p� � ���

and p� � 	�� is lost� The theory is when rules con�ict� the set of exam�

ples falling in the con�icting set are the examples satisfying the common

condition�s� and as well as the di�ering condition�s�� When the rules are

strengthened this con�icting set of examples has no rule de�ned for them

as the original rules have the di�ering conditions negated� therefore the

scope is reduced�

For the two rules� r	 and r� in a con�ict� the con�icting set of examples are

the examples satisfying the conditions cond and cond	 and cond�� Thus�

the next step is to restore the lost example coverage� It may just happen

that the con�ict examples are of one class �class	�� then introduce the new

rule as

ncr � cond and cond	 and cond� � class	

For the example being considered� it would be

ncr � p
 � ��� and p� � ��� and p� � 	�� � C	

If the examples that satisfy the conditions are of mixed classes� then �nd

a new condition �for continuous attributes� an attribute and a split point�

that partitions the examples into pure subsets� If one cannot be found�

take the best test and add it to the rules� This may be continued until

two pure subsets of examples can be created or all the attributes and their

�




split points have been exhausted� This will lead to the creation of two or

more new rules for the con�icting set of examples� one or more for each of

the classes�

ncr	 � cond and cond	 and cond� and cond� � class	

ncr� � cond and cond	 and cond� and � cond� � class�

where cond� is the new attribute added to create two rules with opposing

splits �� and ����

Thus� from a pair of con�icting rules a set of rules is created� keeping the

same coverage as the two but improving the accuracy as the con�icting set

of examples would be resolved�

�b� For the case in which n conditions involve di�erent attributes and there

are m other conditions which overlap to some degree �i�e� are not mutually

exclusive�� In this case � �� n and � �� m� In the case that m � � �like

in the above where m �	�� adjust one or more of the partially overlapping

conditions based on the con�ict set to resolve the con�ict� E�ciency here

is coverage� which should not su�er as a result of con�ict resolution� if the

con�icts cannot be resolved e�ciently� then strengthen the last condition

in the two rules and create another rule�s� as explained in step 
�a��

A more complex problem is when one rule overlaps with an entire interval

of another rule� Figure � gives an example where Rule 
 and Rule � con�ict�

For this case strengthen Rule 
 but this will exclude some examples �for

instance add the condition petal width in cm � 	������ Now a new rule is

needed to cover lost examples� The new rule will be created by taking a

combination of the common conditions between the two rules and adding

one or more condition�s� as explained in step 
�a�� unless another rule for

the class Iris�viginica covers the excluded examples� Here we have Rule �
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Rule �


petal length in cm 	 �����

petal width in cm 	 �����

�	 class Iris�viginica 
������

Rule �


petal width in cm 	 �����

�	 class Iris�viginica 
������

Rule �


petal length in cm 	 �����

petal width in cm 	 �����

petal width in cm �� �����

�	 class Iris�versicolor 
�����

Figure �� A con�icting case� Rules 
 and � con�ict�

which does cover them� It is in con�ict with Rule � though� and this will

be resolved�

In the case when there are no conditions in common between the two rules�

strengthen the last condition and create a rule�s� for the lost coverage as

explained in �	��

��� Experiments

The experiments were run on the Iris data set�BM�
� and Pima Indians Diabetes

data set�BM�
�� The Iris data set has four continuous�valued attributes� three classes

and 	�� examples� The Pima Indians Diabetes data set has eight continuous�valued

attributes� two classes and ��
 examples� The experiments were performed simulating

a ��processor and ��processor partition for the Iris data set and a ��processor partition

for the Pima data set� The experimental results were obtained using a 	��fold cross�

validation� For the Iris data set the train set was 	�� examples and the test set

was 	� examples for each of 	� folds� For a ��processor partition the train set was

split in the middle to give two subsets of �� and �
 examples each� For each fold�

decision trees were generated using C
��� converted into rules and then combined into

��



Table �� Results on the Iris data set using 	��fold cross�validation for a � processor
partition�

Results C
��  UnPruned  Pruned  
Accuracy ���� �� ��

Standard Deviation � ���	 � ���� � ����

Table �� Results on the Iris data set using 	��fold cross�validation for a � processor
partition�

Results C
��  Unpruned  Pruned  
Accuracy ���� ����� �����

Standard Deviation � ���	 � ���� � ����

a single model using the con�ict resolution approach discussed in the previous section�

The model generated was used to test against the unused test set� The ��processor

partition led to � partitions of 
� examples each� Again trees were generated over the

three partitions� converted into rules and combined together using con�ict resolution�

Tables � and � depict the accuracy and standard deviation results�

The accuracy is slightly better than the C
�� decision trees �but not statistically

signi�cant� for both the pruned as well as unpruned trees� Since no pruning was

done with the default pruning parameter� pruning was done with certainty factor �

	� Still� pruning was done in only 
 of the decision trees generated� The ��processor

partition resulted in 	 less error�

The results from 	��fold cross�validation on the Pima Indians Diabetes data set for

a ��processor partition are shown in Table 
� The Pima data set has ��
 examples�

giving ��	 examples for training and �� examples for testing� The train set was

divided into subsets of two of �
� and �
� examples each�

The experiments with the Pima data set also indicate a slight increase in perfor�

mance� Neither performance increase is of statistical signi�cance�
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Table 
� Accuracy on the Pima Indian Diabetes data set using 	��fold cross�validation
for a ��processor partition�

Results C
��  UnPruned  Pruned  
Accuracy ����
 �
��
 ����


Standard deviation � 
��� � ���� � 
�	�

��� Summary

In the approach discussed in this section� training data sets are partitioned into

disjoint subsets and decision trees learned on each� Decision trees are then converted

into rules� rules are combined into a single model and used for classi�cation� Figure 


depicts the procedure graphically�

When con�icts are identi�ed� the con�icting set of examples need to be exchanged

between processors for re�learning� The data communication will be a cumbersome

process� This procedure entails communication of data as well as rules among proces�

sors� the data or example in con�ict must be communicated to a single processor for

con�ict resolution� This will a�ect the scalability of the algorithm and run time� once

we go to giga and tera bytes of data� The increase in the data communication costs

would become prohibitive� Hence we reluctantly abandon this promising approach�

Taking these points into perspective� an alternate algorithm was tried for con�ict

resolution� which does not involve data communication� This algorithm only entails

rule communication and is discussed in the next chapter�
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Partition data into ’n’
disjoint subsets each of the subsets

rule set as classifier

Learn decision trees on 

Convert decision trees
into rules

Combine rules using conflict
resolution into a single model

Use the conflict-free final

Figure 
� Summary of the procedure�
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CHAPTER �

RULE COMBINATION II

��� Introduction

With the con�ict resolution strategy proposed in the previous chapter� the drawback

limiting scalability is the amount of data communication� In the approach focused

upon here� rules are created on N processors� Each of the N processors contains a

disjoint set of labeled training data� These distributed rules are combined using some

heuristic into a single rule set� Rules are created directly by traversing pruned decision

trees on each processor �with the obvious optimization of removing redundant tests��

The rule combination is related to work by Williams �Wil��� and Provost �FJP����

Each rule that is created will have associated with it a measure of �goodness��

which is based on its accuracy and the number and type of examples it covers� The

normalized version of the certainty factor metric �Qui��� FJP��� to determine the

accuracy of a Rule R over an example set E is �

acc�R�E� � �TP � ������TP � �FP � �	�

where TP is the number of true positives examples covered by R when applied to E�

FP is the number of false positives caused by R when applied to E� and � is the ratio

of positive examples to negative examples for the class of the rule contained in the

training set�

A rule� R� must have acc�R�E� � t for some threshold t in order to be considered

acceptable over a set of E examples� When a rule is learned on a single subset of data�
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its accuracy may change as it is applied to each of the other subsets of data� The

rule can be discarded whenever its accuracy is less than t� or only after it has been

applied to all of the distributed examples and has an accuracy below the threshold�

Discarding a rule as soon as it is below the accuracy threshold will save testing time

on other processors and some communication time required to send it and its current

TP�FP count to another processor�

��� Algorithm details

	� Partition the data and distribute disjoint subsets of data over the N processors�

�� Learn a decision tree on each of the partitions and prune it�

�� Convert the learned decision tree into rules�


� Eliminate the conditions which are subsumed by the other conditions�

�� Test the rules on the other processors� data set and update E and calculate

acc�R�E� for each rule R based on metric �	�� This is an estimate of the global

performance of each rule�

�� Set a threshold t as discussed in the previous section� If the performance of the

rule is less than the threshold of the class it classi�es� the rule is removed�

�� Identify Con�icts� The theory behind con�ict identi�cation is discussed in

Chapter 
�


� For every pair of rules identi�ed to be in a con�ict� remove the worse performing

of the pair� Any uncovered examples will be assigned to the majority class�

Provost and Hennesey in �FJP��� have shown that any rule which is acceptable by

certain metrics on the full data set will be acceptable on at least one disjoint data set�
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They found that the set of rules created after merging the rule sets built on di�erent

processors was a superset of the set of rules created on the full data set�

In �HCBK���� it is illustrated that rules learned over two partitions of the data

set and then merged do not necessarily contain any rule learned over the full data

set� Figure � shows an example� It suggests that the accuracy of the merged rule sets

may di�er from the rules learned on the complete data set�

Con�ict resolution is needed for the rules having an overlap in the example space�

As rules are tested against examples on the processors� their calculated accuracy

under the chosen metric may change� It may just happen that of the two con�icting

rules� one may have its performance estimate less than the chosen threshold t and

thus the con�ict is resolved� However� partially overlapping rules may stay and will

potentially cause misclassi�cations� They need to have the con�ict resolved� The

con�ict may be resolved as explained in Chapter 
� Another possibility is to remove

the lower performing of the two� which is how it is done in our current system� Two

approaches were experimented with for discarding the lower performing rule�

	� In one approach rules are ordered by performance estimates and con�icts re�

solved in a pairwise fashion� In this approach� as soon as a rule is in a con�ict

and has a worse estimate than another rule� it is removed from the rule set�

This is called the pairwise con�ict resolution approach�

�� The second con�ict resolution strategy is based on the heuristic that every rule is

compared against every other rule before the worse performing rule is discarded

and the �nal rule set is formed� This is called the global con�ict resolution

approach�

In the pairwise approach� the rules were removed immediately on con�ict identi��

cation and didn�t remain during examination of the other rules� This way some other

poor performing rules remained in the �nal classi�cation model� which really didn�t
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Example label
 A B C D E F

�����������������

Att�
 � � � � � �

Att�
 � � � � � �

Class
 C� C� C� C� C� C�

Sorted Class Label Class Label

Att�
 � C� A Att�
 � C� A

� C� D � C� F

� C� C � C� C

� C� B � C� E

� C� E � C� B

� C� F � C� D

Processor � Gets the examples BCD and produces rules


Att� 	 � then C�

Att� �� � then C�

OR

Att� 	 � then C�

Att� ��� then C�

Processor� get the examples AEF and produces rules


Att� �� � then C�

Att� 	 � then C�

From the full train set we get


Att� 	 � then C�

Att� �� � and Att� �� � then C�

Att� �� � and Att� 	 � then C�

Figure �� An example where rules built in parallel on disjoint subsets must be di�erent
from rules built on the full data set� Using information gain to decide the splits�
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deserve to stay� In the current model every rule is compared against every other rule

even if it is identi�ed to be in a con�ict and deserves removal� The following example

will explain the global con�ict resolution strategy�

Rule 	� X � class A ����

Rule �� Y � class B ����

Rule �� Z� class C �
�� where X� Y� Z are the variable placeholder for conditions

and the values in � � are the performance estimates of the rule based on test examples

for a chosen metric�

First let us consider the pairwise con�ict resolution when the rules are ordered by

performance� The �nal rule set based on con�ict resolution will be �

Rule 	� X � class A ����

Rule �� Z� class C �
�� Rule 	 and Rule � con�ict� and Rule � also Rule � con�ict�

Rule 	 has a higher performance than Rule �� thus Rule � fails in comparison with

Rule 	� Rule � has a better performance than Rule �� Thus� Rule � fails in comparison

with Rule �� Finally� Rules � and � will be removed� The �nal rule set will look like

Rule 	� X� class A ���� Another example to illustrate the global con�ict resolu�

tion strategy�

Rule 	� X � class A ����

Rule �� W � class B ����

Rule �� Y � class A ����

Rule 
� Z� class B ���� In the above scenario� rules 	� � and 
 con�ict with each

other and rules �� � and 
 also con�ict with each other� Rule 	 is the only one that

survives� Rule � gets killed as Rule � performs better� Thus the �nal rule set looks

like�

Rule 	� X � class A ���� Considering another set of rules as follows

Rule 	� cond	 and cond� � class A ����

Rule �� cond	 and cond� � class B ����

�




Rule �� � cond	 and cond
 and cond� � class A ����

Rule 
� � cond	 and cond
 and cond� � class B ���� Rules 	 and � form one

con�icting pair of rules and rules � and 
 form another� Rule 	 performs better than

rule � and rule � performs better than rule 
� Both rules 	 and 
 stay and the �nal

rule set looks like�

Rule 	� cond	 and cond � � class A ����

Rule 
� � cond	 and cond 
 and cond �� class B ���� The next section contains

some experimental results based on the strategies discussed above�

In the process of rule removal� some coverage may be lost� The examples unclas�

si�ed by any rule in the �nal rule set will be given the default class� The default class

would be chosen based on the following conditions�

	� The class with the majority representation in the training set becomes the

default class�

�� In the case of classes having an equal representation in the train set� the follow�

ing could be the criteria�

�a� The class that got completely eradicated in con�ict resolution�

�b� If none got eradicated� the class is based on representation in the �nal

rule set� The class with a minimum coverage in the �nal rule set becomes

the default class� If Mi is the coverage of a rule and Ni is the number

of misclassi�cations� the class with the least Mi � Ni becomes the default

class� where i is number of the rule�

This way the class with a minimum�no representation in the rule set becomes

the default class as the other classes are assumed to have good coverage in the

rule set�

Figure 	� shows a pair of rules induced from two partitions of the Iris data set�

The numbers shown in the �gure are the local and global estimates of each rule� The
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if petal width in cm 	 ��� and petal length in cm 	 ���

then class Iris�viginica 
�����


�����

if ��� � petal width in cm �� ���

then class Iris�Versicolor 
�����


�����

Figure 	�� Example of two rules from 	 fold of an Iris data � partition which have
con�icts but survive to the �nal set� The numbers in brackets are the false positives
and number of examples covered respectively� The second set of numbers for a rule
is its accuracy after it is applied to the partition on which it was not learned�

convention followed is �x�y� where x is the false positives and y is the total classi�ed�

The �rst bracket is the local estimate and the second bracket is the global estimate�

Both rules perform well� have performance greater than the chosen threshold t� but

are in con�ict� The rule ordering here will make a di�erence� So� the con�ict needs

to be resolved�

��� Experiments and discussions

����� Con�ict resolution approaches

Experiments were done using 	� fold cross validation �WGT���� The experiments

on the Iris Data set and Pima Indian Diabetes Data set were performed using the

con�ict resolution strategies discussed in the previous section� The results on the Iris

data set are tabulated below in Tables � and �� The second column in the tables is

the result of 	��fold cross�validation using C
�� decision trees on the entire data set�

the third column is the train set split into �n� number of partitions and the con�icts

resolved in a pairwise manner and the fourth column is the train set split into �n�

number of partitions and the con�icts resolved globally�
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Table �� Results on the Iris data set using 	��fold cross�validation for a � processor
partition� using Pairwise and Global con�ict resolution�

Results C
��  Pairwise  Global  
Accuracy�unpruned� ����� �
��� �����

Standard Deviation�Unpruned� � ���	 � ���	 � 
���
Accuracy �Pruned with cf � 	� �
 ����� �����

Table �� Results on the Iris data set using 	��fold cross�validation for a 
 processor
partition� using Pairwise and Global con�ict resolution and pruning with certainty
factor � 	�

Results C
��  Pairwise  Global  
Accuracy�Unpruned� ����� �
 �


Standard Deviation�Unpruned� � ���	 � ���� � ����
Accuracy�Pruned with cf � 	� �
 �
 �


Table � shows the C
�� 	��fold cross�validation results and Tables 
 and � show

the comparative results of the two con�ict resolution strategies on the Pima Indians

Diabetes data set� for the trees grown with a certainty factor of 	�

The results indicate that the global con�ict resolution strategy performed the best�

Pairwise con�ict resolution performed worse since the rules didn�t stay until the end

to be compared with the other lower performing rules� thereby allowing bad� lower

performing rules to survive which caused misclassi�cations in the test set�

Figure 		 shows the accuracy result of the global con�ict resolution strategy on

the Pima Indians Diabetes data set for a 	��fold cross�validation�

Figure 	� depicts the standard deviation for ��
���
�	��	� partitions of the Pima

Indians Diabetes data set using 	��fold cross�validation�

Figure 	� shows the number of rules on average generated for 	��fold cross�

validation on ��
���
�	��	� partitions of the Pima Indians Diabetes data set�

Table �� C
�� 	��fold cross�validation Accuracy results�
Unpruned  Default pruning  Pruned with cf � 	  
����
 ����� �����
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Table 
� Results on the Pima Diabetes data set using 	��fold cross�validation for a

���
�	��	� processor partition� using Pairwise and Global con�ict resolution�

Number of Pairwise�Pruned cf � 	� Global�Pruned cf � 	�
Processor partitions Accuracy  Accuracy  


 ���

 �	���
� ����
 ���
�

 ����� ����

	� ���	� �����
	� ���
� �����

Table �� Standard Deviation results on the Pima Diabetes data set using 	��fold cross�
validation for a 
���
�	��	� processor partition� using Pairwise and Global con�ict
resolution�

Number of Pairwise�Pruned cf � 	� Global�Pruned cf � 	�
Processor partitions Standard Deviation  Standard deviation  


 � ���� � 
���
� � ���
 � ����

 � ���� � ���	
	� � ���
 � 
���
	� � ���� � ����

Figures 	
 to 	� show the percentage accuracy spread across the folds for ��
���
�	�

and 	� partitions of the Pima Indians Diabetes data set using global con�ict resolution

strategy�

Experiments were also run on a Mammography data set provided by Kevin Woods�

This data set has 			
� instances� eight predictive attributes and two classes� The

class is binary valued for predicting whether the pixel is normal or has microcalci�ca�

tions� The predictive attributes represent feature vectors from the image� which are

ASCII �oating�point numbers� The target attributes �classes� are �	� for normal and

��� for microcalci�cation� The majority class in this case is class �	�� which holds for

almost �
 of the entire data set�

Figure �� depicts the accuracy trend using ��
���
 partitions of the mammography

data sets� for a 	��fold cross�validation� The trees were pruned with the default

certainty factor and a certainty factor of 	� The partition 	 is the accuracy by C
��

on the complete data set� The experiments were run for both the global and local
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Figure ��� Accuracy results for Mammography data set using local and global per�
formance estimates�

performance estimates on the data set� A local performance estimate is when the

rules were assigned the certainty factor based on the performance only on their own

data set� For a global performance estimate the rules are evaluated against every

other partition before con�ict resolution�

The mammography accuracy graph depicts a behavior which is very counter in�

tuitive� The classi�er performs better using the local performance estimate than the

global performance estimate� This is discussed more in the next section�







The experiments indicate that the global con�ict resolution algorithm seems to

perform well for the data sets tested except for the mammography data set� The

results for the Iris and Pima Indian Diabetes data sets were very close to the results

obtained by C
�� sequentially� The di�erences have no statistical signi�cance though�

We believe that the issue with the mammography data set is more of a metric issue

than an algorithmic feature� as will be discussed in the next section�

����� What is the right metric�

With the mammography data set� the rules combined based on the local performance

estimate performed better than the rules combined based on the global performance

estimate� Also� in some cases the performance is less than that of guessing the

majority class� Guessing the majority class is when a classi�cation is assigned to an

example based on the class distribution in the data set� For example� assuming a

��class data set with one class contributing �� of the data set and the other class

contributing �
 of the data set� if the majority class is guessed by a classi�er all the

time� the predictive accuracy of the classi�er will be �� �

Careful analysis of the result revealed the problem with metrics for a dataset with

a skewed distribution such as the mammography dataset�

The majority class� class �	�� has a � of 
� and the other class� class ��� a � of

������

Consider a case of a class �	� rule having a local performance of ���� convention

x�y � x incorrect�FP� and y total coverage�TP�FP� �

The performance would be

�������������
���� � ���	

This rule using a global performance has a ����� performance �� errors covering

��� examples�� Since� the � is high� this makes the dividing factor big� even for the

small number of misclassi�cations� Giving a performance of�


�



���������������
���� � ����

Thus the performance decreases for this apparently good class 	 rule� This al�

lowed the other class ��� rules to remove this rule globally� Under local performance

considerations the situation was reversed�

On the other hand consider the minority class� class ��� rule� The local performance

of a rule is 	�
 using the certainty factor metric� so the performance assigned is

�����������������	� � 
���

The same rule has global performance of 	
���� Using the certainty factor metric

the performance estimate becomes

�	��������	��������	
� � ����

This rule survived in the global evaluation� This rule actually caused misclassi�

�cations in the test set when considered globally but was removed when using local

performance� The global performance caused an increase in the TP� thereby increas�

ing the numerator� and even if there were subsequent misclassi�cations� more FP� the

performance was not a�ected because of the low ��

The metric proposed in �Coh��� was also experimented with� This metric is used

to guide pruning in Ripper�

v � �Rule� PrunePos� PruneNeg� �
p� n

p� n
���

where p is the number of positive examples� PrunePos is the number of positive

examples in the prune set� n is the number of negative examples and PruneNeg

is the number of negative examples in the prune set� It performed better for the

mammography data set in a few folds and made the global performance better than

the local performance in all but for the �th fold�s case�

The graph in Figure �	 illustrates the result for the mammography data set�

Pima Indian Diabetes data set was also experimented with using Ripper metric�

Table 	� compares the result of Pima Indians Diabetes data set using C
��� the
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Table 	�� Results on the Pima Diabetes data set comparing 	��fold cross�validation
on the 	��partition with c
���

C
���Pruned cf � 	� Certainty factor Ripper metric
Accuracy  Accuracy  Accuracy  
����
 ���	� �
�
�

certainty factor metric and the Ripper metric� The experiments were only run on the

	��partition of Pima data set� to observe any di�erences�

The Ripper metric prefers the rules with less relative misclassi�cations� It does

not take into account the actual coverage�

If a rule performs ��� � � errors over � examples covered �� the ripper metric gives

it a performance measure of

����������� � 	���

A rule performing 	�	��� a seemingly more reliable rule by the base coverage� has

a performance of

����	������	� � �
�

The Ripper metric performed well with the mammography data set� as the high

� also couldn�t account for the better coverage rule� rather it further magni�es the

di�erence�

������������������� � ��

�������������
��	� � ��

With the Pima Diabetes data set� since the � of the majority class is small� 	�
��

the rule with 	�	�� would be given precedence�

�� � ������� � ���
��� � ��� Minority class rule�

��� � �������� � 	�
��	� � ������ Majority class rule�

��



Table 		� Results on the Pima Indian Diabetes data set comparing 	��fold cross�
validation on the 	��partition with C
���

C
���Pruned cf � 	� Certainty factor LaPlace metric Ripper metric
Accuracy  Accuracy  Accuracy  Accuracy  
����
 ���	� �
�	
 �
�
�

The LaPlace metric �PB�	� SE�
� QCJ��� was also tried with the same data sets�

The LaPlace metric is

acc�R�E� � �TP � 	���TP � FP � k� ���

where k is the number of classes�

The LaPlace metric tends to favor the majority class� This can be attributed to

the higher TP associated with the majority class rule due to more coverage�

For instance� consider the following rules derived from the mammography data

set�

Rule 	�

Eattr � 	������

Dattr � ���	�

� class � �	���
� ����� 
��
��

Rule ��

Eattr �� ���	��

� class 	 �
	��
	
� ���
� ���	��

where �x�y� a� b� represent x is incorrect examples �FP�� y is total coverage

�TP�FP�� a is the certainty factor� b is the LaPlace estimate

Figure �� illustrates the results on the Mammography data set� The experiments

were also run for a 	��partition of the Pima Indian Diabetes data set� Table 		

tabulates the results of C
�� on the entire data set� the Certainty factor metric� the

Ripper metric and the LaPlace metric for the 	��partition�
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Figure ��� Accuracy results for the Mammography data set using local and global
performance estimates assigned by LaPlace estimate�
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A situation similar to the mammography rules was observed with some of the

Pima rules� not as widespread though� because of the less skewed nature of the data

set�

With mammography the performance was not a�ected� as even if all the class �

�minority class� rules were killed because of con�ict resolution� the performance was

still close to �
 for that fold� This is because of the small percentage of examples

in class �� In the test set of 			� there are only �� or �� examples of class �� In

some folds if any class � rules did survive� they helped improve the performance over

just guessing the majority class� Now� with the Pima Indian Diabetes data set� the

minority class is a signi�cant portion of the test set� �� out of ��� so elimination of

class 	 �minority class� rules didn�t help performance� The performance decreased

because of less rule representation of the minority class in the �nal rule set�

The graph in Figure �� is an accuracy comparison of the three metrics for the

mammography data set� The experiments were run with decision trees pruned with

a certainty factor of 	� Based on the discussion above� the graph shows the most

improved results using the LaPlace metric� However� they still are not as good as

C
�� sequentially�

��� Weighted voting

The con�ict resolution approach discussed in the previous section results in a single�

con�ict�free model as a classi�er� A dynamic method of con�ict resolution would

have rules vote on an example� with the majority winning� In the voting approach�

the data sets are distributed across processors� resulting in disjoint partitions� Rules

are learned on each of the partitions and then used to classify unseen examples� Each

rule could be assigned a weight� The approach would resolve con�icts at the time of

classi�cation� classifying the example as per majority vote�
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A simple way of applying weights is giving each rule a weight of 	� that is uniform

weighted voting approach� Then� in the case of con�icts an example is given a class

that majority rules claim� A similar approach has been tried by Woods et al �WKB���

and by Merz in �Mer���� The di�erence is that the data sets are not disjoint and the

voting is from an ensemble of classi�ers that could be di�erent� Another approach to

voting would be assigning weights to the rules based on a performance metric�

Experiments were run on the Pima Indians Diabetes data set to compare with

the con�ict resolution discussed in the previous section� Decision trees were learned

on disjoint subsets of data and converted to rules� The experiments were run for the

two voting approaches� uniform voting and weighted voting� The weights were the

certainty factor metric� evaluated using the TP and FP for each rule� The TP and

FP for each rule were calculated by evaluating the rule on partitions other than what

was learned on� to eliminate any bias whatsoever� The majority weight count was

used to decide the classi�cation of an unseen example� Figure �
 shows a comparison

graph of the con�ict resolution approach and voting�

In a similar approach being developed� the rules are learned using Ripper on

disjoint partitions� The TP and FP from each rule� after it is applied to all examples

on which it was not trained� are combined into a metric to give a performance weight�

When con�icting rules �re for an example� the weights of the �red rules are summed

up and the example assigned to the class with the highest performance weight� The

experiments reported using Ripper are from Jimmy Chao�s thesis�

The graph in Figure �� shows an accuracy comparison of the con�ict resolution

approach and voting strategies using Ripper for a ��
�
�	��	� partition on the Pima

Indian Diabetes data set�

Using weighted voting� the experiments were also run for 	� and �� partitions and

the accuracy did not drop� Table 	� tabulates the accuracy results with Ripper as

the learner�
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Figure �
� Comparison of Voting strategies against con�ict resolution for the Pima
Indians Diabetes data set�

Table 	�� Results from voting with Ripper on the Pima Indian Diabetes data set�
Partitions � 
 
 	� 	� 	� ��
Accuracy ����� �����
 ����	
 ���	
	 �
�
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Figure ��� Accuracy comparison between con�ict resolution and voting using Ripper�
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The graph shows that voting using Ripper to learn models outperforms con�ict

resolution using C
�� to learn models� With Ripper� the nature of the rules is more

general and thereby less rules are generated� The way Ripper learns is by aiming

to maximize the coverage of one rule� which would arise through more generality�

Thus rules have a high TP�FP� With Ripper there were not any rules produced with

extremely low coverage� With C
��� there were leaves with a low coverage such as

��
� These leaves cause problems� as they do not carry enough information since they

are too speci�c� and at the same time are not assigned a bad certainty factor metric�

That is a di�erence between decision tree learning and Ripper� Decision trees keep

partitioning till a stage is reached where the best partition is made� and this stage is

over�tting leading to some very speci�c decision rules�

In an experiment run� C
�� was also forced to have a higher coverage at the leaves

by setting the weight �m� to �� That is� at least two branches must have a minimum

number of � objects� There was an improvement in the accuracy observed as shown

in Figure ��� There was a drop after the 
th partition� because with the increase in

the partitions the size of data set reduces� the rules produced are of a very general

nature� in some cases just a couple of rules are learned for a partition�

The experiment was run on the Pima Indian Diabetes data set for a ��
���
�	��	�

partition� The trees were grown with default pruning and setting m � ��

��� Learn again�

The rules not performing well on one partition may be associated with a second learn�

ing phase� The rules falling within a ���x range �x is de�nable� of a threshold t

may be associated with a second learning phase� As these rules are passed across

the processors� identify the coverage of the rule over the data set� and grow decision

trees on these data sets� The processor creates a copy of the rule and appends the

best performing branch�es� �leading to a leaf� of the tree to the rule� thus creating

��
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a specialized version of the rule� The processor then sends out the original rule and

the specialized version to the next processor� The next processor also evaluates the

original rule and the specialized version of it� and potentially creates another special�

ization of the original rule and further specializes the specialized rule� This procedure

is repeated until the performance worsens with specializations� The performance for

a rule is measured by applying the rule�s TP and FP to one of the metrics discussed

in section ���� With this approach� there will not be a decrease in the performance

as long as the original rule remains in the �nal rule set� but has a lower priority than

its specialized version� Any examples left uncovered by the specialized rule will still

be classi�ed by the more general rule�

As a simple example of the potential for improvement consider the example of

Figure �� Assume the second set of rules was obtained using attribute � �Att�� from

processor 	 �Proc	� and then applied to the examples held by processor �� The rule

if Att� �� � then C�

now gets only ��� examples correct� If it is specialized to be

if Att� �� � and Att� � � then C�

the rule will cover ��� examples correctly� Further it essentially matches the second

rule obtained from the whole training set in Figure �� This example shows how

specialization would work�

On the Pima data� specialization was applied to the two�partition case� raising

the accuracy slightly from ����
 to ����� �

Figure �� summarizes the learning discussion presented in this chapter�
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CHAPTER 	

AVATAR DISCUSSION
 A REAL�WORLD EXAMPLE

	�� Introduction

Large scale data sets are becoming ubiquitous� Intelligent visualization is needed

to unearth the information embedded in the terabytes of data� To aid intelligent

visualization� e�cient and scalable parallel and�or distributed learning algorithms

are needed� The visualization tool should be able to guide the user intelligently

through the data set without him or her missing the relevant portions of the data set�

Large data sets can be distributed and learning applied in parallel to develop a

model of user interests� User pro�les� called AVATARs are created as result� AVATAR

is an acronym for Adaptive Visualization Aid for Touring and Recovery� An AVATAR

can be unique to each user and attached to a type or category of data set�

The procedure behind the visualization and creation of AVATAR can be summa�

rized as shown in Figure �
� If a personalized version is desired the visualizer will

need to help label training data �CH����

The MUSTAFA visualization tool �Glaa� Glab� has been modi�ed at University

of South Florida to facilitate the process of creating AVATARs� During a training

session� the user browses a data set using MUSTAFA and identi�es salient or inter�

esting regions� A labeled data set is generated at the end of the training session� This

data set can be used by a data mining system to create AVATARs� This AVATAR

is the user pro�le and can be used to classify new data sets in domains similar to its

training set� The AVATAR will then be able to guide the user through the interesting

regions of the new data sets�
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Figure �
� Summary�

Disjoint subsets of labeled data are generated during a training session� Decision

trees are learned on each of the training sets in parallel and converted to rules� The

rules re�ect the saliencies selected by the user� The rules are combined together into

a single model� This rule model is the learned representation of regions likely to

interest the user� Figure �� displays the AVATAR front panel�

	�� Sample data set

Experiments were run on the �Can� Exodus �YS�
� data set provided by W� Philip

Kegelmeyer� This data set has 	��

 nodes� � data components at each node and



 time steps� Figure �� depicts the Can Exodus data set at the various stages of

visualization� The �gure depicts the �rst� middle and last frame of the data set�
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Figure ��� AVATAR front panel�
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	�� How to train�

The MUSTAFA visualization tool has been modi�ed to be used for intelligent vi�

sualization� The user has an option of setting the desired saliency at the time of

browsing�

The saliencies o�ered to the user currently are�

	� Unknown � Saliency 	

�� Unseen low � Saliency �

�� Not interesting � Saliency �


� Probably interesting � Saliency 


�� Interesting � Saliency �

�� Very interesting � Saliency �

There is a separate panel available to the user with all the AVATAR features for

training� Figure �	 shows the panel with all the AVATAR features currently available

for the training phase� The user can change the saliency as required� When a user

�nds something interesting or uninteresting� he�she can de�ne a recangular region

by marking four nodes to form a rectangle and the nodes within that rectangular

region will be labeled by the currently selected saliency value� After the user is done

browsing� the salience information that was captured can be saved in a �le speci�ed

by the user� At the same time a version of the Exodus data set� which the user trained

on� will be created with saliency added as a nodal variable in the mesh� For training�

a �at �le is generated which is a listing of feature vectors followed by a label� This

format is compatible with the C
�� input format�
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Figure ��� a� First frame� and b� Second frame� c� Third frame�

Figure �	� A view of AVATAR features panel�
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The format of the �at �le used for training is as follows �

v	�v�������vm� class

j

j

j

v	�v�������vm� class

where v	�v������vm are the nodal variables and class is the saliency attached to the

node�

	���� Training experiment

In our experimental setup� for training� the user browsed through odd time steps and

identi�ed regions as interesting or very interesting� All unlabeled regions were given

a saliency of unseen low� The size of the labeled data generated from the can data

set shown in Figure �� was ��	���� examples each with � numeric features� There

were approximately 	��� rules created� The rules were created from a pruned �default

pruning� decision tree which resulted from applying C
�� �Qui��� to a training set�

The training set consisted of the �� odd�numbered time steps of the sequence� and

the test set consisted of the even numbered time steps� The saliencies that were

marked were interesting �saliency �� and very interesting �saliency ��� The rest of the

examples were given a saliency of unseen low �saliency �� by default� Figures �� and

�
 show snapshots of the training frames� The plus in the training images indicates a

node within the region of interest� Figure �� shows the nodes classi�ed as interesting

by the user for time steps � and 		 respectively� �gure �
 shows the nodes classi�ed as

very interesting for the time steps �� and �� respectively� The nodes near the portion

of can being crushed were given a saliency of very interesting and the nodes slightly

away were given a saliency of interesting�

In Figure �� the �owchart of training input and training output is depicted�
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Figure ��� The above �gure shows that the input to the training session is the Exodus
data set� At the end of the train session the output produced is as follows� Flat
data �le� A �le comprising of all the nodes data and the corresponding saliencies�
Flat names �le� A �le comprising of all the attributes listing and classes�saliency��
Exodus �le� The training Exodus �le recreated with saliency added as another nodal
variable�
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Figure ��� A training frame with marked regions�

Figure �
� A second training frame with marked regions�
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Figure ��� The above �gure shows that the input to the training session is the Exo�
dus data set� At the end of the train session the output produced is as follows� Flat
results �le� A �le containing grouping of nodes by time�step and their correspond�
ing saliency� HTML �le� An HTML �le providing a web interface for web query�
Exodus �le� A similar Exodus �le is created with saliency added as a feature to
each node�

	�� Testing

The set of rules generated from training was used to classify the unseen even numbered

time steps of the can exodus data set� After all the nodes have been tested against

the rules� an HTML �le containing a grouping of all the nodes by the time�step and

the corresponding saliency is created� which can be used by the user to view the

saliencies� The user can choose a node from the web interface and using the Data

Query option in MUSTAFA can visualize the node of the data set� Also� an exodus

�le similar to the one tested is created� with the saliency added as a nodal variable�

A �ow chart of the testing session is depicted in �gure ���

The following �gures display the result of testing on the even numbered time steps

of the can Exodus data set�

��



Figure ��� Node correctly classi�ed as very interesting�

Figure �� shows the correct classi�cation of a node�region as very interesting

�saliency �� which is correct classi�cation� as the nodes near the region of the can

being crushed were marked as very interesting�

Figure �� shows the incorrect classi�cation of a node as very interesting� since the

nodes in the region from the section of the can being crushed received a saliency of

interesting during training�

Figure �
 shows a node correctly classi�ed as interesting� since the nodes at this

vicinity were given a saliency of interesting during testing�
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Figure ��� Node incorrectly classi�ed as very interesting�
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Figure �
� Node correctly classi�ed as interesting�
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CHAPTER �

SUMMARY AND FUTURE WORK

��� Summary

In this thesis� learning rules in a distributed environment was discussed� The data

sets for learning were disjoint� New approaches to rule combination were presented�

The �rst approach of con�ict resolution had a prohibitive cost of data communication�

though it was promising in terms of accuracy� The second approach� in which rules

are assigned a performance based on a metric and con�icts resolved by discarding the

worse performing rule� had promising results as well and did not have the drawback of

data communication� Another comparison of the con�ict resolution approach against

the voting approach was presented� The voting approach performed better in accuracy

for the data set they were tested on� The approaches had interesting results to further

pursue the distributed learning on disjoint data sets�

��� The journey ahead

This thesis leads to some more avenues for research in learning rules in a distributed

environment� The following could be the possible extensions to the thesis�

	� Tests on larger data sets�

�� The current algorithm only works for continuous attributes� The ability to

deal with categorical attributes could be incorporated and the feasibility of the

algorithm tested with this feature�

�� Specialization and voting using decision rules tested in depth�

��




� Utilization of the Metacost �Dom��� variation in the metric� In our set up�

a validation set could be distributed across every other processor too� This

validation set should be the same on every processor but di�erent from any of

the training partitions� When the rules are learned on the training partition�

the rules could be evaluated on the validation set� Since this validation set is

the same across every processor� the probability of each class for every example

could be calculated by having each classi�er vote on them� These probability

distributions could then be associated with the corresponding rules by replacing

the error�based estimates�
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