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Abstract

Concept drift refers to a problem that is caused by a change in the data distribution in data
mining. This leads to reduction in the accuracy of the current model that is used to examine the
underlying data distribution of the concept to be discovered. A number of techniques have been
introduced to address this issue, in a supervised learning (or classification) setting. In a
classification setting, the target concept (or class) to be learned is known. One of these
techniques is called “Ensemble learning”, which refers to using multiple trained classifiers in
order to get better predictions by using some voting scheme. In a traditional ensemble, the
underlying base classifiers are all of the same type. Recent research extends the idea of
ensemble learning to the idea of using committees, where a committee consists of diverse
classifiers. This is the main difference between the regular ensemble classifiers and the
committee learning algorithms. Committees are able to use diverse learning methods
simultaneously and dynamically take advantage of the most accurate classifiers as the data
change. In addition, some committees are able to replace their members when they perform

poorly.

This thesis presents two new algorithms that address concept drifts. The first algorithm
has been designed to systematically introduce gradual and sudden concept drift scenarios into
datasets. In order to save time and avoid memory consumption, the Concept Drift Introducer
(CDJ) algorithm divides the number of drift scenarios into phases. The main advantage of using
phases is that it allows us to produce a highly scalable concept drift detector that evaluates each

phase, instead of evaluating each individual drift scenario.

We further designed a novel algorithm to handle concept drift. Our Dynamic Committee
for Concept Drift (DCCD) algorithm uses a voted committee of hypotheses that vote on the best
base classifier, based on its predictive accuracy. The novelty of DCCD lies in the fact that we
employ diverse heterogeneous classifiers in one committee in an attempt to maximize diversity.
DCCD detects concept drifts by using the accuracy and by weighing the committee members by
adding one point to the most accurate member. The total loss in accuracy for each member is
calculated at the end of each point of measurement, or phase. The performance of the committee
members are evaluated to decide whether a member needs to be replaced or not. Moreover,
DCCD detects the worst member in the committee and then eliminates this member by using a

weighting mechanism.



Our experimental evaluation centers on evaluating the performance of DCCD on
various datasets of different sizes, with different levels of gradual and sudden concept drift. We
further compare our algorithm to another state-of-the-art algorithm, namely the MultiScheme
approach. The experiments indicate the effectiveness of our DCCD method under a number of
diverse circumstances. The DCCD algorithm generally generates high performance results,
especially when the number of concept drifts is large in a dataset. For the size of the datasets
used, our results showed that DCCD produced a steady improvement in performance when
applied to small datasets. Further, in large and medium datasets, our DCCD method has a
comparable, and often slightly higher, performance than the MultiScheme technique. The
experimental results also show that the DCCD algorithm limits the loss in accuracy over time,

regardless of the size of the dataset.
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CHAPTER ONE

INTRODUCTION

Data mining is one of the steps of discovering knowledge which refers to a process that analyzes
large databases to find valid, new, useful, and understandable patterns. A classifier is one of the
data mining techniques which combines evolutionary computing, reinforcement learning,
supervised /unsupervised learning, and heuristics to provide intelligent systems [4]. In such
systems, the target attribute (or class) is known and our task is to build a model to describe the
interplay between other attributes and the class. Our main focus in this study will be on building

accurate classifiers when considering data that experiences changes, or drifts, in their

distributions.

Teacher
Doctor

Doctor
Mohammed Student
Mike Teacher
Dave Enginecer
Inna Nurse
i Student

Teacher

IF Income >
$100000 then
Loan = “yes’

$ 15000
$ 3000000
$ 6500000

$ 10000

$ 25000
$ 120000

$ 35000

$ 12000

$ 34000

= e
no

yes

yes
no
no

wves
no

no
no

Classifier

Model

)

Selecting a classification
algorithms

Train and
Test Data

Figure 1: Data mining bank model distinguishes which customers are qualified for a loan
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For example, suppose that a bank aims to build a data mining model that can distinguish
which customers are qualified for a loan (i.e. target class), as shown in Figure 1. The data
mining approach to this problem will start by gathering as many examples as possible of both
qualify and not qualify. Next, the data miner will provide these examples, together with labels
and target class, indicating if they qualify or not, to the selected classifier which will produce a

classification or prediction rule. The selected classifier aims to generate a rule that makes the

most accurate predictions possible on new test examples, as shown in Figure 2.

Name

Occupation m Loan (Class)

Erm Teacher $ 15000

Doctor $ 3000000

Doctor $ 6500000 -
Student $ 10000 Classifier
Teacher $ 25000 Model
Engineer $ 120000

[ Inna | Nurse $ 35000

T Student $ 12000

[ Dina | Teacher $ 34000

[ [ [ e |

Accoutre $ 15000 no

BT Professor $ 3000000 ves

E Doctor $ 6500000 oY

ST Swdent $ 10000

EEEN Teacher $ 25000 no

Engineer $ 120000 ves

Nurse 5 35000 no

Student $ 12000

Teacher $ 34000 no

Figure 2: New unlabeled customers, such a rule attempt to predict if it is qualified or not

One of the issues that face the data mining society is the concept drift, which refers to
changing in the data distribution that leads to changes to the target classes [7] [8] [9] [10] and
[11]. Concept drift is defined as a quantity that needs to be predicted where the concept is
unstable and it changes over a certain period of time. Common types of concepts are weather
patterns, customer preferences, temperature and behavioral changes. The underlying data
distribution that is used in explaining concepts will also be subject to some changes as a result of
the unstable nature of concepts. Such changes in the underlying data distribution cause the
models built on old data to be inconsistent with the new concept’s data, which will lead to the
model being outdated. This creates a problem known as concept drift which complicates the task

of learning the new model and the new data that makes up the concept [12].

For instance, suppose the same bank as in Figure 2 uses the original data mining model,
to distinguish between those customers that are qualified for a loan and those that are not
eligible. Moreover, suppose the value of national currency dropped ten times, which is

sometimes a cause of concept drift; from the time that model was built. Based on these two
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assumptions, the regular data mining approach will approve the loan for all applicants who have
an income over $100000 regardless of the change in the data distribution. This change leads to a
change in the target classes, which can be seen in the table as the red “yes” in Figure 3.
Traditional data mining methods consider all incoming data as static data represented by a set of
features and this, in turn, does not change the data regardless of modifications from the external

environment [7].

Target Classes

Loan (Class)
Classifier
Model

Data Distribution

Occupation Income

Teacher $ 150000
Doctor $ 3000000
Doctor $ 6500000
Student $ 110000
Teacher $ 250000
Engineer $ 1200000

Nurse $ 350000
Student $ 120000
Teacher $ 340000

L §

Changing in the data distribution leads to Hypothesis

changing to target classes which the model built C:
the hypothesis based on them IF Income > $100000

then Loan = ‘yes®

Figure 3: Concept drift scenario

To summarize the problem statement of this study, the data distributions often change
over time due to the non-stationary environments in real world datasets. This change leads to a
reduction in the current classifier’s accuracy that is used in examining the underlying data
distribution. A concept may drift due to several motivations such as the above-mentioned
changing of the value currency (or say a sensor failure), which increases network traffic. Due to
this issue, the need for such classifiers that handle concept drift become necessary. In such a

case, the adopted classifier should be able to adjust quickly to changing conditions.

1.1 Motivation

Recall that the classification task refers to one of the data mining techniques that is used to train
a training set, collect the records, and assign a value to each record which is called “target
class”. A classifier is the data mining algorithm that used to construct a model. If we use one
algorithm, this is referred to as a base learner or learning methods. Examples include Decision

Trees, Rule Learners, and Support Vector Machines. In the real world, classes, the target
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concepts, and data distributions are often changing over time. Concept drift is a cause of non-

stationary environments that might change the data distribution.

For instance, the patterns of customers’ taste in buying products are constantly changing
over time. This problem complicates the task of a learning model to learn from the input data
and requires special approaches that are different from commonly used techniques [13].
Throughout the past two decades, various learning approaches have been developed and
implemented to address the problem of concept drifts. Most of the previous studies assumed that
using one base classifier would be sufficient to handle concept drift properly, which is not
always correct [14] [15] [9] and [10]. Moreover, the current classifier may be accurate at a
certain time, but when concept drifts occur, the selected classifier may lose its efficiency. This
led to the idea of ensemble learning, which selects one learning method to create several
classifiers from the selected learning method and then selects the most accurate classifier among

them. The ensemble systems will be discussed in details in Chapter 2.

However, a problem with regular ensemble systems is the assumption of selecting one
learning method which subsequently creates more than one classifier. This assumption ignores
the idea of selecting a poor base classifier and creates more than one classifier, which might
affect the system outputs even if we use an excellent ensemble system. Furthermore, the selected
learning method might be effective at a certain time but when concept drifts occur, the learning
method may have lost its efficiency. Therefore, the need of merging diverse base classifiers can

assure that even when concept drifts occur, we still have the best base classifier.

For example, suppose a company needs to discover patterns from their data. Also,
suppose they select a Decision Tree classifier as a base classifier and then employ a Bagging
ensemble. A Decision Tree, which will be discuss in section 3.1.1, refers to flow-chart-like tree
structure while Bagging, will be discuss in section 2.3.1, refers to an ensemble classifier that
trains multiple classifiers and then selects the most accurate model among them by the voting
mechanism. The issue with this scenario is the assumption that applying Decision Tree classifier
is good for every dataset at all times. As we discussed earlier, the data distributions are often
changing over time, which means that the decision tree may be excellent at the moment, but it

might not be the best choice when concept drifts start to appear [6].

This thesis focuses on creating a dynamic committee that replaces weak base classifiers
(learning methods) by new base classifiers in order to handle concept drifts. We approach the

problem of concept drift by building a dynamic committee of diverse base classifiers. This
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dynamic committee allows adding and removing base classifiers to a blacklist, based on their
performance which also provides diversity of base classifiers. The main idea of this approach is
to increase the competition between the committee members and base classifiers, which will
increase the overall performance of the system. For example, suppose a committee consists of

three base classifiers as shown in Figure 4.

Training & Testing Output The best base

[ classifier

wsieydaul @oa

BlacKlist

Figure 4: Dynamic Committee for Concept Drift

When a batch of data comes in, we train all the committee members and classifiers and
then record their performance. Suppose the best classifier in the beginning is classifier 2. After
some time, concept drifts start to appear. If classifier 2 fails to match the committee standards,
the committee moves classifier 2 to the blacklist and adds a new base classifier to the

committee, as shown in Figure 5.

Training & Testing

—

Output The best base

[ classifier

Input

b
@

wsteydau aod

Blacklist

Figure 5: The new dynamic committee for concept drift
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1.2 Layout

This thesis is organized as follows. In Chapter 2, we provide an overview of previous works on
the concept drift issue. We also provide a detailed discussion of the different types of concept
drift. Chapter 3 presents an overview and critique of classifiers that will be used in our
experiment. This is followed by Chapter 4 which provides our methodology. Chapter 5 presents
the experimental design which includes the pre-processing as well as the methods used to apply
the drift scenarios. Chapter 6 provides the experiment results when evaluating our algorithm’s
performance. In Chapter 7, we further evaluate and examine the results of our experiments by
comparing it a state-of-the-art algorithm. Finally, in Chapter 8, we conclude by providing a

summary that highlights our contributions and provide possible future directions in research.
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CHAPTER TWO
LITERATURE REVIEW

In supervised learning, there is some form of outputs knowledge that we expect from a given
source of inputs [16]. The other type of machine learning that can occur is called unsupervised
learning. Here, unlike in supervised learning, we only have a set of data samples that we wish to
train, but we do not have a function that will map the inputs in the available set to specific
outputs in a way that we can determine. Both of the machine-learning types explained above

face an issue called concept drift [17].

Yeung and Chan [3] define the classification task as follows: Given input data R,
collections of records, and a set of classes C = {C;,C,, C3, ...,C,}. The classification task is to
define a mapping f: R = C where each tuple in R has to assign to one class in C. This procedure
is called the Decision Function. Based on this general formula, the best classifiers are the ones

that assign the maximum number of tuples in R to the right classes in C [3].
2.1 Concept Drift Overview

There are two major types of concept drift; namely Real concept drift and Virtual concept drift.
Real concept drift, as introduced in Chapter 1, is the problems that are caused by a change in the
data distribution, which leads to reduction in the current model accuracy that is used in
examining the underlying data distribution of the concept. Most researchers refer to the real

concept drift as “concept drift or concept shif”. Concept drift is also described as phenomena
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that include examples that might have legitimate labels at one time and illegitimate labels at
another time. The following example may help to further illustrate concept drift: when data
distribution in R changes, this change affects the Decision Function. Such changes in the data
distribution cause the classifiers to assign tuples to the incorrect classes, which will affect the
classifiers’ accuracy. Koronacki [18] uses the example of a cloud as a target concept; concept
drift occurs when the cloud changes its position, shape, and size in the sky over a certain period
of time. With regards to the Bayesian decision theory, the transformations to the cloud equate to

the changes that take place on the form of the prior target cloud [18].

Concept drift commonly occurs in the real world, especially when it comes to people’s
changing preferences for products and services. For instance, customers’ taste in shopping might
change over time due to many reasons such as their economic status, new available technologies
or seasonality. The reasons behind this change are not as essential as dealing with this change
itself. Suppose we want to predict computer sales in a company, and say that the company has
developed a model to predict the future sales. The model uses different inputs such as the
amount of money spent on marketing, offers, promotions, and so on. Over time, customers
change their preferences and the company will notice a reduction in the current model’s

accuracy, and that is considered as one of the causes of concept drift.

Concepts are subject to change over time, which means that they are unstable in nature.
Such changes in the underlying data distribution models make the task of learning, especially
machine learning, more complicated. Learning also becomes difficult if there are changes in the
hidden context of the target concept, which the model tries to predict, and this leads to concept
drifts. The problem of handling concept drift usually arises when it comes to distinguishing
between true concept drift and noise. Some machine learning algorithms might overreact to
noise such as STAGGER [19], misinterpreting the noise to be concept drifts. Other algorithms
on the other hand might react to noise by adjusting to the changes very slowly, such as

FLORRA 1 and FLORRA 2 [7].

2.2 Types of Concept Drift

As we introduced in the previous section, concept drift has two major types; real concept drifts
and virtual concept drifts. Virtual concept drift is defined as the need to change the current
model due to a change in the data distribution. The hidden changes that exist in a certain context

might cause a change in the target concept, which might in turn cause a change in the underlying
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data distribution of the concept. If the target concept remains the same, the underlying data
distribution might change to reflect changes to the concept, which might create a need to revise
the current model that is used in explaining the concept. This creates a virtual concept drift that

necessitates a change in the current model [20].

To further illustrate virtual concept drift, consider the following example of Widmer
[29]. When a teacher explains a certain topic to students, the teacher might consider presenting
only the relative knowledge to the topic. After a while, the relative knowledge that was
explained by the teacher might become less important to the topic. For instance, when we want
to construct a data warehouse, we only consider the relative and essential attributes from the
relational database. Then, we apply the data mining methods to this data warehouse. Eventually,
some of these attributes become less important, and that is what we call virtual concept drift

[29].

Virtual concept drift occurs on a high level (i.e. data warchouse structure level) while
real concept drift occurs on a low level (i.e. data distribution). An example of virtual concept
drift and a real concept drift is that virtual concepts might occur in cases of spam categorization
while the real concept drifts might not be caused by spam categorizations. Virtual concept drifts
ensure that the shifts in the concept have been properly represented in the current model that is
used in explaining the underlying distribution data. Virtual concept drifts, which are also known
as sampling shifts, help in determining the types of unwanted messages that remain the same

over a long period of time [20].

There are four subcategories of real concept drifts namely sudden, gradual, incremental,
and seasonal. The two most common types of concept drifts that might occur, in the real world,
include sudden (instantaneous) and gradual concept drifts. An example of a sudden concept drift
is the changing preferences of customers when they demand products or services that will meet
their constantly changing needs. Sudden concept drifts are the easiest type to recognize by most
methods due to the radical change in the data distributions or in accuracy reduction. Another
type of concept drift that exists in the real world is gradual concept drift, where a certain aspect

changes over a gradual period of time [20].

Figure 6 illustrates the differences between sudden concept drift and gradual concept
drifts. Sudden drifts occur in a short period of time and at an extremely rapid rate in the data

distribution as shown on Figure 6. In contrast, gradual concept drifts evolve the data
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distributions slowly and steadily over a long period of time, which makes gradual drifts hard to

recognize. Some researchers, such as Stanley [9], divided the gradual concept drifts into two

subcategories based on the rate of change: moderate and slow [9].
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Figure 6: Illustration of the differences between sudden and gradual concept drifts concept drift

Incremental or reoccurring concept drift is another type of concept drift, which refers to
a reoccurring change in data distributions at an unknown period in time. Another type of concept
drift is seasonal concept drift, which refers to change in data distributions at regular periods in
time [12], [22], [23]. We can distinguish between incremental (reoccurring) and seasonal
concept drift based on the prediction certainty as presented in Figure 7. In other words, seasonal

drift occurs in a specific time every year while the occurrence of incremental drift cannot be

predicted [11].
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Figure 7: Illustration of the differences between incremental (reoccurring) and seasonal concept drift

For instance, a company has developed a model to predict customers’ behaviors. The

model shows that at Christmas time, the sales of a certain product increases in this period every
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year, and that is what we call the seasonal concept drift. Whereas, the reoccurring concept drift
appears at different times depending on the previous event. For example, the government of
Saudi Arabia wants to increase their oil production this year. The decision of increasing the
production will be based on the rate of the international demands for oil. In other words, Saudi

Arabia is interested in increasing its production if the demand for oil becomes high.
2.3 Systems for Handling Concept Drift

Over the years, researchers have developed a number of approaches to address the
concept drift issue. Therefore, categorizing the approaches becomes a necessary action. There
are two dimensions to categorize the approaches, based on How a system should handle concept

drift or When a system should concept drift [11].

Figure 8 gives a general idea about how concept drift systems work, which consists of
four main aspects that need to be considered. The first aspect is the future assumption, which the
model is trying to predict. Therefore, the learner designer must predict the future data source.
The second aspect is detecting the changing type, which consists of the previously introduced
four types. The third aspect is the learning adaptively, which represents the classifiers’ quality.
Learning adaptively must be based on the first and second aspects. The last aspect is the model

selection and evaluation [11].
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Figure 8: Design Concept drift learning system [11]
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In Figure 3, S4,S,, Sz ..., S, represent the data source, which can be a historical data
(i.e. data warehouse) or streaming data. Once S; arrives to the learner Ly, we train L, to
predict X, 1. If S, arrives, the (classifier) learner L, will detect if there is any type of concept
drifts in S,. If there are concept drifts present, the learner will detect the change and change the
current model. The When technique assumes that the effective way to handle concept drifts is
by focusing on a suitable change detection that takes place in the coming data. The When

technique is divided into two subcategories; for streaming data and batch data [11].

The most common method that is used in handling concept changes is information
filtering where data streams are classified according to whether they are relevant or irrelevant to
the target concept. The main purpose of information filtering is to reduce the information load
presented to a user that might be of interest to them. Information filters are supposed to remove
irrelevant information from the data streams to ensure that only the relevant information has
been presented to the user. The reason behind that is that concepts are unstable and constantly
changing. Information filters used in unstable environments have to consider classification

accuracy to ensure that the concept changes have been properly documented [24].

The How technique, the most common dimension of categorizing, focuses on how the
classifier handles concept drifts. In the sections below, we describe the approaches that handle
concept drift based on the How categorizing. There are four system categories that handle
concept drift according to the How technique. The first technique is ELS which refers to
Ensemble Learning Systems for handling concept drift. Ensemble learning uses multiple trained
classifiers to obtain better predictions by combined models using voting or weighted voting [20].
BLS is the second technique for handling concept drift which stands for Base Learning Systems.
BLS uses one trained classifier in order to handle concept drifts. The third technique is Instance
Selection Systems (ISS) for handling concept drift. ISS selects specific instances relevant to the
current concept to train the current classifier. The last technique is IWS which refers to Instance
Weighting Systems for handling concept drift. IWS detects the location where a concept begins
to drifts [11].

2.3.1 Ensemble learning systems (ELS)

Ensemble learning refers to using multiple trained classifiers, i.e. base-learning-systems, in
order to get better predictions by combined models using voting or weighted voting [20].

Ensemble learning can be used for improving prediction accuracy. This is what made ensemble
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learning the most common technique that has been used to deal with the concept drift issue. In
ensemble learning, the final decision must be taken either by combined classifications outputs of

several models or by selecting the best one [11].
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Figure 9: Ensemble learning system architecture [3]

In Figure 9, we present the most commonly used architecture of ensemble classifiers. In
this example, X represents the type of ensemble classifier that we use, such as Bagging; while h;
stands for the individual classifier that we use, such as decision trees. After that, each ensemble
classifier has a mechanism to select the best classifier output or combine more than one

classifier output [3].

One of the most popular types of ensemble learning is Bagging. Bagging creates
multiple predictors and uses them to get an aggregated predictor as shown in Figure 10. For an
estimation problem, Bagging does aggregation averages over the multiple predictors while for
classification problem, Bagging does majority voting to predict a class. Bagging makes
bootstrap replicates of the learning set and uses them as new learning sets to form the multiple
predictors. In other words, based on a uniform probability distribution, Bagging samples the
training sets with replacement. Every sample has the same size as the original data, some
instances may appear more than once in the same training set and then Bagging builds a

classifier on each sample [14].
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Boosting, which is popular ensemble learning, is a general method for increasing the
accuracy of any learning method. Freund and Schapire [25] introduced the AdaBoost algorithm
in 1995. Boosting is a sequential production of classifiers where each classifier focuses on the
previous one’s errors. Each classifier focuses on the examples that are incorrectly predicted in

previous classifiers by weighting them more [25].

Geoffrey [49] extends AdaBoost and merges it with Wagging to produce MultiBoostAB
algorithm. Geoffrey aims to merge the high bias which is the greatest advantage in AdaBoost
with the greatest advantage in Wagging. The superior variance reduction is the greatest
advantage in Wagging. MultiBoostAB forms a committee to combine the outputs of the
committee members in a classification task. This outputs combination creates a single
classification from the committee as a whole. MultiBoostAB decides its final output by using
the majority voting technique. Combining the committee members’ outputs enables
MultiBoostAB to develop decision committees in addition to classifying and weighting the

committee members based on their performance [49].

Another Meta learner algorithm is Grading which is based on a straightforward
technique. Grading aims to detect and correct incorrect predictions at the base level by grading
them as correct or incorrect [65]. Grading detects which base classifiers obtain correct prediction
on a given example. Grading adds a new class labels into the original dataset to encode whether

the prediction of the base classifier for each example is correct or incorrect. Furthermore, when
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the prediction of a base classifier for an example is incorrect, the selected Meta classifier learns

whose responsible to predict in case a base classifier errs [65].

There are many ensembles learning classifiers for handling concept drift. Schlimmer
[19] presents the first ensemble classifier that addresses the concept drift issue called
STAGGER. STAGGER conducts the weighted voting, which maintains a set of concept
descriptions that will be used to construct the best according to their relevance with the new
data. STAGGER handles concept drift in two main steps. The first step is adjusting the
characterization weights while the second step is gradually creating new ones. The second step
is “described in terms of a search through the space of possibilities and is shown to require
linear space with respect to the number of attribute-value pairs in the description language”

[19].

Tsymbal [10] suggests a treatment to address the issue of the local concept drifts; this
treatment is called the dynamic integration of classifiers (DIC). The local concept drifts issue
arises when a lower-weighted classifier is assigned to predictions from base classifiers, not
according to its performance, but due to their global accuracy on the current block, which is
high. The type and severity of changes may depend on the location in the instance space [12].
Street and Kim [27] introduce a streaming ensemble algorithm (SEA) that handles the problem
of concept drifts in streaming or large scale data. SEA is an ensemble of decision trees, which
uses a mechanism that divides the training data into sequence chunks. Separate classifiers are
built based on these chunks. The main goal of this method is to provide a high level of
scalability by reducing the time that the ensemble learning such as Bagging takes. Bagging

requires the complete availability to the training set all at once.

Scholz and Klinkenberg [15] present Knowledge-Based Sampling (KBS) that trades off
predictive performance versus scalability by an online-classifier by reading examples in the
batches and deciding, for each batch, if there is a need to add a new expert to the ensemble or
not [15]. Further research improves the idea ensemble learning to the dynamic ensemble
learning systems, which means the chosen classifiers may change over time. The base learning
classifiers for concept drift become essential to the data mining sociality after it has been proven
that the regular ensemble learning, such as Bagging [14], becomes inappropriate in the data

mining context because they require the complete availability for the training set all at once [27].
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For that reason, many base learning classifiers have been established to address the issue
of the concept drift. Researchers have used many techniques to address the issues. For example,
Harries [8] does not assume, as many researchers do, that the training set is homogeneous.
Therefore, he presents an incremental learning approach called SPLICE to detect the hidden
context in the homogeneous datasets. Harries defines contextual clustering as follows: “a stable
concept is an expression that holds true for some period of time” [8]. In the ensemble systems,
we do not replace a classifier; we just select the most accurate classifier while the base learning
classifier adds and removes classifiers according to their performances. For instance, Bagging is
one of the ensemble systems which uses more than one classifier to get a better prediction and
selects the best classifier by the voting mechanism. In the case of base learning systems, we

select the most accurate classifier and we replace the weakest classifier by a new one [8].

Kolter [28] extends the idea of ensemble learning and builds ensembles of classifiers of
different “age” so that each classifier recognizes the latest instances. However, most of the new
ensemble approaches use some criteria to dynamically eliminate, reuse, or create new ensemble
members, which are normally based on the base models’ consistency with the current data.
Kolter introduces the dynamic weighted majority (DWM); this method uses an online learner to
train the ensemble by weighting the learners according to their performance. Afterwards, the

online learner removes and adds new learners based on their performance [28].

Stanley [9] presents another method, which uses decision trees to handle concept drift;
this method is called Concept Drift Committee (CDC). The committee consists of two or more
decision tress. CDC uses a weighted committee that votes on the current classifier. If a classifier
voting record drops below a minimum threshold, the classifier must be replaced by another

classifier [9].

2.3.2 Base learning systems (BLS)

Base learning system (BLS) uses one trained classifier in order to handle the concept drift issue.
The base learning systems that handle concept drift include systems using rule-based learning
such as [29] or decision trees such as [9] and [30]. Other Base-Learning-Systems make use of
Bayes theorem such as [31] or Support Vector Machine such as [32]. Some of the BLSs employ
the same idea of the dynamic ensemble learning system, which means the chosen classifiers

might change over time.
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Harries’ [8] method that is used in weighted voting is conceptual clustering, where
stable hidden contexts are identified by clustering instances of the new concept that are similar
to the hidden context. When compared to data combining approaches, ensemble techniques have
been more effective in determining concept drift problems than the data combining approaches
and they are, therefore, more suitable in data streams and batches because they do not need to

retain any previous data sets as with the data combining methods.

Other researchers, such as Widmer in his early paper [7], introduce the FLORA system.
The main principle for this system is to learn the concept gradually, by processing labeled
training examples one at a time. In other words, the model cannot be built at once, but instead
incrementally. Also, Widmer [29] uses rule-based learning, which is described as learning from
previous experiences when a similar change reoccurs. This rule-based learning was added to his
original system, the FLORA, and he calls the new versions FLORA2 and FLORA3. The main
goal of these systems is to provide flexibility in adapting to the changes in the target concept and
detects concept drift. Other researchers used the Support Vector Machine (SVM) technique such
as Klinkenberg [32]. The principle tasks in his works are to provide a flexibility of changing the
window size, selection of examples, and the example weighting; but the overfitting issue
stopped researchers in this area. A fixed window size makes strong assumptions about how

quickly the concept changes.

2.3.3 Instance selection systems (ISS)

In this section, we overview the Instance Selection Systems (ISS), that handle concept drift. The
main idea of ISS is to choose instances relevant to the current concept [20]. ISS works by
generalizing from a window that moves over recently arrived instances and uses the learnt
concepts for prediction only in the immediate future. ISS determine any instance related to the
current concept in order to select it. The main idea in this technique is to learn the concept over-
time, which can be done by processing labeled training examples one at time. ISS has been

considered as the best technique to handle seasonal and reoccurring concept drifts [7].

There are many algorithms that use the instance selection technique, but the most
popular algorithm is FRANN presented by Widmer [34]. After that, the idea of FRANN was
extended and FLORA [7] was presented. The problem with these approaches arises when a large

size time window is unable to adapt quickly to the concept drift and, on the other hand, a small
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size time window is unable to track a target concept that is stable or recurrent [35]. Therefore,
Salganicoff made a modification and extinction to the window idea in FLORA and created
Time-Windowed Forgetting [36]. Salganicoff’s approach can improve learning by using a
predefined set of time intervals that delete older exemplars. His approach decreases the
classifier’s accuracy when the input-space sampling distribution of the learning set is time-

varying. Other researchers such as [32] and [38] used window adaptive size.

2.3.4 Instance weighting systems (IWS)

The ability to correctly detect the location and derive the contextual information where a
concept begins to drift is essential in the study of domains with changing context. The correct
location of changes can help to produce information that justifies and explains the change.
Furthermore, the presence of noisy examples or irrelevant features in a dataset degrades the
performance of machine learning algorithms. Therefore, weighting good instances may improve
the algorithm’s performance [39]. Instance weighting uses the ability of some learning
algorithms, such as Support Vector Machines (SVMs), to process weighted instances [32].
Instances can be weighted according to their “age”, and their competence with regard to the
current concept [32]. Instance weighting methods could be a single classifier. Ivan [40] presents
a single classifier for gradual forgetting. This approach introduces a time-based forgetting
function. The main goal of this function is to make the recent observations more significant than
the previous ones, which lead to the importance of examples to decrease over time. The main
idea behind using the forgetting function is to assign to each training example a weight, based

on its appearance over time [40].

Another single classifier is presented by Oommen [41] and is called the Stochastic
Learning Weak Estimator (SLWE). SLWE was developed based on the principles of stochastic
learning. Based on the value of the current sample, the estimate is updated at each time instant.
However, this updating is not achieved using an additive updating rule. Others such as Chu and
Zaniolo [42] propose a new boosting ensemble method that works based on a dynamic sample-
weight assignment scheme. The Boosting scheme extends to handle concept drift via change
detection. The technique assures faster learning and competitive accuracy using simpler base
models because it achieves the accuracy of traditional boosting without requiring multiple
passes through the data. In order to avoid serious deterioration of the ensemble performance, the

change detection approach aims at significant data changes [41].
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Another important method is presented by Mak and Krause [43], where they introduce
a top-down learning method with the incorporation of a learning accuracy mechanism to
efficiently detect and manage context changes within a large dataset. With the utilization of
simple search operators to perform a convergent search with a graphical viewer to derive context
information, the identified hidden contexts are shown with the location of the disjoint points, the
contextual attributes that contribute to the concept drift, the graphical output of the true
relationships between these attributes and the Boolean characterization which is the context.
There are some methods such as [44] and [45] that make another group of evolving adaptation
techniques, which can be reached by combining or selecting rules. Instance weighting methods

usually focus on the instances, which were misclassified employed from boosting [46].

2.4 Discussion

The importance of concept drift increased over the years due to the complexity of this issue and
the omnipresence of concept drift in datasets. In this section, we present a discussion about the
types of concept drift in addition to the four main types of systems that handle concept drift.
Moreover, this discussion includes the general advantages and disadvantages of each system
type that handles concept drift, as well as the differences between them. Sudden, gradual,

incremental, and reoccurring are the four main types of concept drift.

The difference between sudden concept drift and gradual concept drift is based on the
drifting rate, whereas incremental drift can be identified by the timing of the drifting appearance.
Also, seasonal drift can be identified based on the rate of change at a specific time. The main
difference between incremental concept drift and seasonal one is the timing. In other words,
seasonal drift occurs at a specific time while incremental can happen at any time. In the table
below, we present different features that each type has in addition to the general advantages and
disadvantages as well as some references to those types. Furthermore, some types of systems

have been developed mainly to handle specific types of concept drifts.

Table 1 presents four main types of systems that handle concept drift in the data-mining
field. The difference between those systems can be distinguished based on the mechanisms that
these systems use. The systems are utilized to handle concept drift that may be identified as:

base learning systems, instance selection systems, instance weighting systems, and ensemble
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learning systems. The main advantages of the base learning systems are the scalability and the

easiness of understanding the classifier structure.

BLS ELS ISS IWS
Type of change All All Seasonal/ reoccurring All/ gradual
Classifier One Multiple One / Multiple One / Multiple
Stream/Batches Mostly Batches | Stream/Batches Stream/Batches Mostly Batches
Simple / fast / More accurate More accurate then The accuracy increases
Advantages scalable BLA ELA in the seasonal and | over time by identifying
reoccurring the concept drift place
Disadvantages Less accurate Time Memory consumption size of the Window
than ELA consumption
(71, 291 91, [27] [47] [19] [46] [45], [44], [42] [40], [41], [50] [45],
References [28] [12] [48] [15] [36] [7]. [35] [44], [42]
(8], [27] [19] (117 [9] [28]

Table 1: Summary of the literature review

In contrast, the ensembles learning systems focuses on getting the highest accuracy
possible regardless of other aspects such as the time consumption. Instance selection systems
give an advanced mechanism specifically to deal with the seasonal and reoccurring concept
drift, while instance weighting systems aim to learning from previous experiences, which can
increase the system accuracy incrementally. Our proposed algorithm will be introduced in
chapter 4. It can be considered as an ensemble learning system (ELS) because it uses multiple
classifiers and then, selects the most accurate classifiers among them. The reason behind
choosing ELS to handle concept drift is the advantage of using more than one base classifier

beside the ability of replacing the unreliable classifier from the committee.

2.5  Summary

This chapter presented an overview of concept drifts in addition to its types. In addition, the
systems that handle concept drift have been overviewed with regards to the various types of
machine learning processes, and theoretical works to handle the concept drift issue that exists.
Concept drift is commonly an issue in artificial intelligence activities as well as in the

development of various types of technology that are used in the real world, such as in the
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diagnoses of diseases. The discussion has also focused on the concept drifts by defining the term

and also identifying the various types of methods that can be used in dealing with concept drifts.

In conclusion, the problem of concept drift refers to a change in the data distribution
over time, which might lead to a reduction in the classifier accuracy. Concept drift is a complex
learning task that requires different solutions from common learning techniques. In Chapter 4,
we propose a dynamic committee approach to handle concept drift. Our suggested approach

integrates different classifiers and removes them based on their performance.
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CHAPTER THREE
OVERVIEW OF CLASSIFIERS

Large databases are loaded with information that can be useful in some decision making. Hence,
the need of extracting hidden knowledge from databases becomes a necessity. Recall that
classifiers are learning algorithms developed in order to get useful knowledge from historical
and streaming data. That is, classifier refers to a learner algorithm that analyzes data and
constructs a model to predict categorical labels. Classifiers allow the presentation of information
extracted from large database become understandable even for ordinary people. For example, we
can build a classification model that categorizes jobs applications of potential employees based
on their degree and experience. The classification model determines which job applicants are

“qualified” or “unqualified” for the job [6].

This chapter provides an overview of the classifiers that we use as base learners in our
work. We introduce each one of the techniques we use, and we present the advantaged and

disadvantages of these algorithms, when aiming to address the issue of concept drift.

3.1 Decision Trees

Learning of decision tree rules entails the creation of a decision tree and then converts the
decision trees into sets of rule. This simplified or determine the most powerful rule then used
repeatedly first by eliminating data covered by the rule. For example, doctors may aim to

analyze breast cancer data in order to predict the “best” treatment for the patient. The outcomes
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of this prediction usually come in categorical labels such as risky or safe. Every classifier has
definite number of successive stages from the initial input stage to the termination stage of the
output. The decision tree is a “flow chart like tree structure where each internal node denotes a
test on an attribute, each branch represents an outcome of the test, and each leaf node holds a
class label” [6]. Figure 11 shows an example of a decision tree. This algorithm was designed

and implemented by Ross Quinlan [51].

Day Outlook Temperature Humidity Wind Play Tennis
1 Sunny Hot High Weak No
2 Sunny Hot High Strong No
3 Overcast Hot High Weak Yes
4 Rain Mild High Weak Yes
5 Rain Cool Normal Weak Yes
6 Rain Cool Normal Strong No
7 Overcast Cool Normal Strong Yes
8 Sunny Mild High Weak No
g Sunny Cool Normal Weak Yes
10 Rain Mild Normal Weak Yes
11 Sunny Mild Normal Strong Yes
12 Overcast Mild High Strong Yes
13 Overcast Hot Normal Weak Yes
14 Rain Mild High Strong No

1

!

—

/Snny Overcast ain
HJJ.[[I.Ld.I.tI Yes ﬂiﬂﬂ

rjiﬁ( %r(nal /54"9 \lgak
Yes

Figure 11: Example of a decision tree [3]

3.1.1 C4.5 decision tree classifier

In this section, we give an overview of the C4.5 algorithm, which is one of the algorithms that

will be used in our experiment. The C4.5 classifier is considered to be one of the most famous
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and widely used algorithms of generating decision trees. C4.5 is a single learner base algorithm

that generates a decision tree, with unlimited number of paths within the node.
It is necessary to follow the next demands for working with C4.5 algorithm:

1. Each record from set of data should be associated with one of the offered classes. It
means that one of the attributes should be considered as a class mark. It may be
concluded that all the samples should belong to the same class, otherwise the mistakes
are inevitable.

2. Each class should be discrete. Each sample should definitely belong to one of the
classes.

3. In the considered scope of data, the number of classes should be much fewer than the
number of samples. One should understand that C4.5 algorithm works slowly with very

large datasets.

Using the concept of Gain Ratio measure which is driven from the Information Gain in
earlier algorithm called “ID3”, C4.5 builds the decision trees on the basis of the set of data [53].
The main advantage of Gain Ratio measure is to avoid overfitting the data. Next, we explain the
basic algorithm for inducing a decision tree from training tuples in order to understand C4.5

algorithm [6].

The ID3 algorithm is adapted from divide and conquer algorithm. In Figure 11, Kamber
presents the basic algorithm of a decision tree. This algorithm uses a straightforward strategy

which depends on three variables as it shows.

e D refers to data partition

o Attribute list refers to a description list for the tuples
Attribute_Selection  method refers to the used procedure to choose attribute that
best identify the given tuples based on classes by applying the attribute selecting

measures such as Information Gain in ID3 or Gain Ratio in C4.5

Gain Ratio measure execute some kind of normalization that change the tendency of the
Information Gain measure which is used in this algorithm to attributes with more distinguishable
values [51]. This Gain Ratio measure is defined as follows:

Gain (A)

Gain Ratio (A) = Splitl—nfo(A) (31)
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Basic algorithm for inducing a decision tree from training tuples

Algorithm: generate decision tree. Generate a decision tree from the training tuples of data partition D .
Input:

»  Data partition, D , which is a set of training tuples and their associated class label;

»  Awntribute_list, the set of candidate attributes,

»  Attribute_selection_method, a procedure to determine the splitting criterion that “best”
partitions the data tuples into individual classes. This criterion consists of splitting_attribute
and, possibly, either a split point or splitting subset.

Output: a decision tree.

Method:
(1) Create anode N ;
(2) Iftuplesin D are all of the same class, C then,
3) Return N as a leaf node labelled with class C
(4)  If Attribute_list is empty then,

(5) Return N as a leaf node labelled with the majority class in D ; // majority voting //
(6) Apply Attribute_selection_method (D , attribute list) to find the “best” spitting criterion;
(7)  Label node N with splitting_criterion;

(8)  If splitting_attribute is discrete-value and multiple splits allowed then // not restricted to
binary classes//
©) Attribute_list € Attribute_list — splitting_attribute; // remove splitting_attribute //

(10) For each outcome j of spitting_criterion // partition the tuples and grow sub tree for each

partition //
(11) Let Dj be the set of data tuples inD  satisfying outcome j ; // a partition //
(12) IfD; is empty then
(13) Attach a leaf labelled with the majority class in D to node N
(14) Else attach the node returned by Generate_decision_tree (D;, attribute_list) to node
N:
endfor

(15) Return N

Figure 12: Basic algorithm for inducing a decision tree from training tuples [6]

“Where Split Info represents the information due to dividing the dataset S into v

subsets Sy, S,, ..., S, and each subset S; contains those instances that have the value A; of

attribute A” [54].

Split Info (4) = — 7,3 log, (%) (3.2)
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“The Split Information tends to increase as the number of an attribute outcome increases
which therefore reduce the Gain Ratio to a reasonable number” [54]. There are two ways how
this algorithm can generate decision trees: batch mode and iterative mode. Batch mode, often
called default mode, generates a single decision tree. This tree covers all the data available for
the decision. The other kind of this algorithm, iterative mode, is based on the random basis
where the data is selected randomly. Then, a decision tree is generated with adding some
specific objects which have been misclassified. The actions are repeated and the decision tree is
continued until it is classified in a correct way or it is found out that there is no progress.
Keeping in mind that there can be many different decision trees due to the multiple trials;
therefore, the presence of the unpruned file stem is necessary. The file stem is created with the
purpose of collecting the decision trees in the process. If the similar data is used for generating
decision trees, the latest variant of the tree is used. The machine saves the best generated

decision tree in the file stem tree [54].

Advantages of C4.5

The C4.5 classifier primary aims at finding small decision trees. Based on this, we can say that
the decision trees produced are simple to understand. C4.5 can detect how deep to grow a
decision tree in order to avoid overfitting the data, which makes C4.5 robust to noisy data [55].
Unavailable attribute values are accounted for in C4.5 by assessing the information gain using
the records where the particular attribute is defined. A fourth advantage is the ability to handle
both continuous and discrete attributes. By defining the attributes with a continuous range, we
create partitions based on a predetermined pattern in the training set and calculate the
information gain on each partition. Then the partition that maximizes the information gain is
picked. Lastly, tree pruning after creation ensures tree simplicity by replacing some branches

with leaf nodes [51].

Disadvantages of C4.5

One of the major disadvantages of this algorithm is the fact that a sub-tree can be replicated
several times. Another disadvantage is that it does not work very well on a small training set
which may lead to different decision trees especially when the attributes values are close to each
other. Furthermore, preforming C4.5 on relational databases or redundant data warehouse may

badly affect the construction of a decision tree because it contains irrelevant attributes [51].
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3.2 KStar Classifier

KStar (K*) is an instance-based classifier which uses a distance-based measure to classify
variables by examining their performance on a variety of problems. Instance-based classifiers
such as KStar classify instances by comparing them to other pre-classified examples. The
process assumes that similar instances usually have similar classification even though this poses
a challenge in defining such instances and classifications. The distance measure employs the
approach of computing distance between instances by using information theory. It therefore
employs the intuition that such distances define the complexity of converting one instance into
the other. This can be done in two processes, one of which involves defining finite set of
transformations to map one instance on another. This can be done by adding termination symbol
at the end of each string. The shortest distance between two instances defines the distance of
measure. This leads to a distance that does not solve issues of smoothness since it is very

sensitive to small changes [56].

KStar reduces this problem of high sensitivity and hence reduced smoothness by
summing over all these transformations that exist between any two instances. However, this is
also not very clear as which transformations are summed. In this regard, the effectual number of

instances for any function can be calculated as follows [56].

- G P*(b/a))”

nyg < <N (3.3)

YpP*(b/@)? T

Where N stands for the effective number of training instances and n, stands for the
number of training instances at the smallest distance. Moreover, a represents the first blending
parameter while b is the second blending parameter. The K* algorithm works to choose one
value from x4(s). To achieve this, it selects this number between N and n,. At the end, it inverts

the expression shown above [56].

This method is referred to as the Kolmogorov complexity and its summation satisfies
the Kraft inequality. This allowed the second blending parameter b interpreted as the probability
of generating a program through random selection of such transformations. It can also refer to
the probability of arriving at an instance by random walk from the first instance. The units of
complexity are therefore obtained by calculating its logarithms. This method has been found to
bring out the most realistic and robust measure of the link to DNA sequence. Similarities are

prominent in distance measures of real valued attributes. For example, probability instances
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drops heavily with increase in distance when x, is small and therefore functions as a measure of
nearest neighbor. However, in case x, is very large, then virtually all instances shall have
similar transformations, which are equally weighted. In both cases the number of instances tends
to vary from extreme 1, in which the distribution is the nearest neighbor, to that of extreme N,

where the instances are equally weighted [56].

Advantages of KStar

Firstly, in terms of accuracy, this algorithm is comparable to C4.5 on voluminous UCI
benchmark datasets. KStar performs better and with a higher speed than C4.5 on big numbers of
text classifications. Thirdly, this algorithm is low in time complexity which means it is very fast.
Its speed can be compared to Naive Bayes [57]. Another advantage is that it uses entropy as a
measure of distance, hence, providing a consistent approach to management of symbolic
attributes, unknown values and continuous value attributes. The results presented compare
satisfactorily with many machine-learning algorithms. This algorithm is an instance-based
classifier. It classifies an instance by comparison; an instance is compared to pre-classified
examples stored in a database. New instances to be added to the instance database and choice of
instances from the database to be used in classification are determined by a concept description
updater. This helps reduce memory space requirements and also improves tolerance to the noise

in data [58].

Disadvantages of KStar

One of the major disadvantages of this algorithm is the fact that it has to generate
distance measures for all the recorded attributes [57]. Another disadvantage is that it is not cost
effective. Both building and learning processes are quite expensive in any task except in the text
classifications. In terms of memory space, as much as the algorithm uses an instance updater to
select and determine the instances to be used, the storage of sample instances is also involved in
terms of memory space. Although the algorithm can be speeded up by combining it with other
algorithms, it is sometimes a disadvantage since the combination process involves extra costs

[58].
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3.3 Bayesian Network Classifier

A Bayesian Network (BN) is a network structure of a directed acyclic graph of a set of variables
(U) and it represents a probability distribution of the variables (U) in a given set of data. A
Bayesian Network has been considered as an advanced form of general Bayesian probability.
This probability can be explained as an extension of logic that allows figuring out with

propositions whose truth or falsity is uncertain [6]. Bayesian probability is defined as follows:

P(X|H)P(H)

P(HIX) = 250

(3.4)

Here, X is considered as a tuples that consists of n attributes. H stands for a hypothesis
that classify the tuples X belongs to a class C. For example, suppose our dataset confined to a
patient described by the attributes age and smoker, respectively, X is a 60-years-old patient with
(smoker = yes). Suppose that H is the hypothesis that our patient will get a lung cancer. Then
P(X|H) reflects the probability that patient X will get a lung cancer given that we know the
patient’s age and (smoker=yes) [6].

The Bayesian Network structure contains some assumptions. For instance, it assumes
that all variables in the data set are discrete definite variables and if not, they are ‘discredited’
first before rule application. Another assumption is that, the data set has no missing variables
and if there are, the missing values are filled [60]. The initial step in application of the network
entails the confirmation of whether the data set meets all the assumptions and if not met, an
automatic filtering becomes necessary. There are two processing stages in Bayesian Network

learning: first to learn a network structure, and then to learn the probability tables [61].

Learning a network structure can be considered an optimization problem where, a
quality measure of a network structure given the training data needs to be maximized. We call
this procedure the local score metrics. The quality measure can be based on a Bayesian approach,
minimum description length, information and other criteria such as log likelihood. These metrics
have the practical property that the score of the whole network can be decomposed as the
product of the score of the individual nodes. This allows for local scoring and thus local search

methods [61].

A conditional independence test is a task that stems from the goal of uncovering causal

structure. The assumption is that there is a network structure that exactly represents the
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independencies in the distribution that generated the data. Then it follows that if a (conditional)
independency can be identified in the data between two variables, there is no arrow between
those two variables. Once locations of edges are identified, the direction of the edges is assigned
such that conditional independencies in the data are properly represented. In using Bayesian
network as a classifier, one simply calculates the (argmax,, P(y|x) ) using the distribution P (U)

of the Bayesian structure as follows [61]:

argmax,, P = P(y|x) (3.9

These variables are in a probability distribution as described as P(y|x) = P (U) / P(x).
Successful application of this rule involves first learning the network structure then the
probability tables. This calls for the use of different approaches such as local score metrics,
conditional independence tests, global score metrics, and fixed structure strategies [60]. Each
case here uses a different search algorithm; for instance, annealing, hill climbing, simulated and
taboo searches in aid of searching for a good network structure. This opens the way for

estimation of a conditional probability table for each variable [61].

Bayesian Network Advantages

The first advantage of this classifier is its computational efficiency. The representation of large
and complex computational problems is decomposed into smaller and simpler self-sufficient
models to enhance efficiency. The EM algorithm refers to Expectation - Maximization (EM)
which is “an iterative method that attempts to find the maximum likelihood estimator of a
parameter © of a parametric probability distribution” [62]. Secondly, the natural combination of
the EM algorithm and the probabilistic representation helps address the problems with missing
data. The ability of this classifier to indicate all the possible classes of a new sample to which

might belongs is another advantage in case of a misclassification [63].

Another advantage is the presence of an updater that enables the classifier to learn from
new data samples. Bayesian networks have the advantage of being able to capture the
complexity of decision making [64]. Lastly, the system’s rules of classification can be

semantically determined and justified to both the novice and the expert [85].
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Bayesian Network Disadvantages

The mismatch between the data likelihood and the actual label prediction accuracy tends to
make the learning method suboptimal. Secondly, Bayesian networks require an expert to give
domain information for the creation of the network [64]. Despite the substantial amount of
research carried out, the creation of these networks is still limited to data sets consisting of only
a few variables which are very informative. Another disadvantage of these networks is the fact
that their interpretation and efficiency is quite limited when rule sets are drawn from the
network. In comparison to rules derived from decision trees whose interpretation is simple and

direct, Bayesian networks are more complex [86].

3.4 Fast Effective Rule Induction (JRip classifier)

JRip is a classifier that uses learning rule sets which are easy to understand by regular users. The
main motive of this classifier is to overcome the weakness of handling large noisy datasets that
other rules sets systems cannot deal with. Therefore, Incremental reduced error pruning (IREP)
or (its enhanced version JRip in WEKA) consolidates reduced error pruning and separate-and-
conquer rules in learning algorithm aims to decrease the unacceptable large errors in large noisy
datasets. It is important to understand the phases of the improvement that have been done on
REP before we explain JRip. There are four enhancements that have been added to REP. First,
REP which is the basic version improved to IREP. The second enhancement is improving IREP
to IREP*. The third enhancement is enhancing IREP to RIPPER. Finally, RIPPER improves to
RIPPERKk or (JRip in WEKA). Therefore, In order to understand JRip, we have to explain IREP
first and then explain JRip because JRip is an improved version of IREP [67].

Figure 13 shows the original algorithm of IRIP which works as follows: In creating a
rule of IREP, randomising the variables into two subsets is necessary, where either variable is in
growing sets or pruning sets. This allows the formulation of the Grow rule, which starts with
empty conjunction of conditions and keeps on adding any condition if nominal attributes equals
legal values added. Addition of the conditions maximizes the FOIL information until the rule
covers no negative variables in the grow data set [67]. The FOIL refers to First Order Inductive

Learner which is a rule-based learning algorithm [66].
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The IRIP algorithm

procedure IREP (Pos, Neg)

begin
Ruleset : = 6
while Pos # 0 do

/*grow and prune a new rule */
split (Pos, Neg) into (GrowPos, GrowNeg)
and (PrunePos, PruneNeg)
Rule : = GrowRule (GrowPos, GrowNeg)
Rule : =PruneRule (Rule, PrunePos, PruneNeg)
If the error rate of Rule on (PrunePos,PruneNeg) exceeds 50% then
return Rule set
else
add Rule to Rule set
remove examples covered by Rule from (Pos,Neg)
endif
endwhile
return Ruleset

end

Figure 13: The IRIP algorithm [67]

The generation of the rule allows for the pruning of the rule which involves deleting of
some conditions to maximize the function. The deletion continues until further deletion does not
affect the value of V [67].

p+(N-n)

P+N (3-6)

v (Rule, PrunePos, PruneNeg) =p +

Where v is (Rule, PrunePos, pruneNeg) and P (respectively N) represents the total example
in PrunePos (PruneNeg). The total number of examples P(n) in PrunePos covered by rule sets
that created by IREP. In other words, IREP creates rule sets until new rule results in too large
error rate; then IREP randomly divides the data into a growing set and a pruning set. IREP
grows rule from the growing set and prunes rule immediately. IREP deletes the final sequence of
conditions that maximizes function v until no deletion increases the value of v. IREP adds
pruned rule to the rule set in addition to deleting every example covered by rule(p/m). Cohen
[67] adds improvements to IREP which results in the enhanced version of IREP*. The main goal

of this improvement is handling large noisy data sets to be competitive with C4.5. There are
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three main improvements that have been added to IREP. First, in pruning phase, alternative
metric has been added because the old metric leads to occasional failure to converge [67]. The

new metric becomes as follows:

v * (Rule, PrunePos, PruneNeg) = P—+Z (3.7

Second, for rule adding, new stopping heuristics have been added to IREP*because half
of heuristics often stops too soon with moderate sized examples in addition to the sensitively to
the small disjunction problem. The new version is called REPPER. The modification that Cohen
added is after adding each rule; REPPER calculates the total description length of the rule set
and examples. REPPER stops adding rules if the total description length is @ bits higher than the
smallest length so far. In REPPER implementation the value of d is 64 bits. The third
improvement in IREP* is in the rule optimization, because IREP uses the repeated grow-and-
simplify methods which cause different results from conventional reduced error pruning. The
modification is in the post-prunes rules in IREP. JRip constructs two alternatives rules: R'; (new
rule) and R"'; (based on R’;). The final rule is selected based on minimum description length

[67].

Advantages of JRip classifier

The first advantage of this classifier is the use of propositional rule learner which ensures that
errors are minimal. Also, the phase-by-phase implementation of the algorithm ensures that the
overall results are as high as possible. During the rule set growing phase, the condition with the
highest information gain is picked to ensure that the rule set is correct [68]. Another advantage
is that the algorithm is made shorter and simpler by pruning unused parts of a rule. This makes
the classifier easy to understand and interpret. The ease of generation of this classifier is a fourth
advantage. This classifier is highly expressive; it is comparable to a decision tree. Even in terms
of performance, it can be ranked the same level as a decision tree. JRip classifier has the ability
to classify new instances rapidly. Lastly, it is easy for this classifier to handle missing values as

well as numeric attributes [2].

Disadvantages of JRip classifier

The JRip algorithm requires a large investment in terms of time to learn the algorithm and test
the features that can be customized. The fact that the JRip algorithm uses some induced rules

which sometimes have to be replaced with expert-derived rules for some applications is another
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disadvantage. In addition, the accuracy of JRip’s results sometimes varies because the results
produced differ depending on the option of the rule voting method used. Another disadvantage
is that, highly accurate results can only be achieved by running the algorithm many times.
Assignment of salience which is an order of that has been prescribed for firing rules may lend
the expert system’s inference engine powerless. This may also have negative effects on the

performance of such a system which is rule-based [69].

3.5 PART (Partial decision tree) classifier

The PART algorithm integrates both C4.5 and the JRip algorithms in order to obtain
better prediction. PART refers to partial decision tree classifier which is “an ordinary decision
tree that contains branches to undefined sub trees” [69]. The main advantage in PART is that it
does not require global optimization in order to produces accurate rule sets. PART builds a rule
and deletes the instances it covers by using the separate and conquer strategy. PART continues
repeating this strategy in the remaining instances until none is left. Applying the separate and
conquer strategy gives PART flexibility and speed because PART uses this strategy in

conjunction with decision trees [69].

In order to produce one single rule from the set current instances, PART builds a pruned
decision tree to detect the leaf with the largest coverage. PART generates the single rule the leaf
with the largest coverage and then it discards this tree. This strategy enables PART to avoid a
tendency to over-prune which is a common problem of the basic separate-and-conquer rule
learner. PART avoids fully exploring a partial decision tree by creating one. To create a partial
tree, PART aims to find a stable tree that cannot be simplified further. In doing so, PART
integrates construction and pruning operations. Figure 14 presents the methods to create a partial

tree [69].

Figure 14: Example of how the algorithm builds a partial tree [69]
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As Figure 15 shows, PART divides a set of examples repeatedly into a partial tree.
PART uses the same mechanism that C4.5 uses in term of selecting a test and splits the
examples into subsets accordingly. When PART finishes splitting the examples into subsets,
PART expands the subsets continuously in order, starting from the smallest, based on their
average entropy. PART repeats the expansion until a subset is expanded into a leaf. Once a
subset is expanded into a leaf, PART continues by backtracking until internal nodes appear.
PART starts pruning using the same mechanism that C4.5 uses which is called “sub-tree
replacement” which ensure that either a node is better or it is replaced by a single leaf. If PART
performs a replacement, PART backtracks to explore siblings of the newly replaced node.
However, if a node is faced all whose children are not leaves during the backtracking, the rest

sub-trees are left unexplored and the corresponding sub-trees are left undefined [69].

Method that expands a given set of examples into a partial tree

Procedure Expand subset
e  Choose spilt of a given set of example into subsets
e While there are subsets that have not been expanded and all the subsets expanded so far are leaves
. choose next subset to be expanded and expand it
. if all the subsets expanded are leaves and estimated error for sub-tree > estimated error for node

. undo expansion into subsets and make node a leaf

Figure 15: PART Algorithm [69]

Advantages of PART Classifier

Most of rule learners operate in two stages. However, PART shows that good rule sets can be
learned one rule at a time. PART works firstly by inducing an initial rule set and then PART
refines the rule set using a complex optimization stage that discards individual rules to make
them work better together. Another advantage of this classifier is simplicity which makes this
classifier easy to understand and flexible in term of determining the places of the concept drift
by using the divide and conquer methodology in conjunction with decision trees. Additionally,
this classifier does not require a global optimization to produce accurate rule sets. Moreover,

PART avoids the over pruning problem of the basic separate and conquer rule learner [69].
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Disadvantages of PART Classifier

The main disadvantage of PART is accurate results can only be achieved by running the
algorithm many times. PART constructs a partial tree that deals with missing data. This partial
tree assigns to each of the branches a proportional weight. The weight proportional assigns to
the number of training instances going down that branch normalized by the total number of

training instances with known values at the node [69].

3.6 K-Nearest Neighbour Algorithm

Algorithms such as KStar (K*) and K-Nearest Neighbour (KNN) refer to instance-based
learners that apply entropy in their distance measure. The classification task of a new object is
based on attributes and training samples. The task is very involving as some data become noisy
and can as well have irrelevant attributes which makes it difficult to learn from. In the K-nearest
neighbour appearance, the result of new instance query is classified built on majority of K-

nearest neighbour category [70].

Teknomo [71] presents an example to illustrate how KNN works. Suppose we have a
dataset of a special paper tissue that we want to classify whether it is good or not, based on two

attributes, namely acid durability and strength. Table 2 presents four training samples.

X1 = Acid Durability (seconds) X5 = Strength (kg/square meter) Classification
7 7 Bad
7 4 Bad
3 4 Good
1 4 Good

Table 2: Training samples of a special paper tissue [66]

Suppose a factory passes a laboratory test with X; = 3 and X, = 7 in order to produces a
new paper tissue. The K-nearest neighbour (KNN) algorithm can predict this type of problem
without another expensive survey. The K nearest neighbour algorithm works “based on
minimum distance from the query instance to the training samples to determine the K-nearest
neighbours. After we gather K nearest neighbours, we take simple majority of these K-nearest

neighbours to be the prediction of the query instance” [71].
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Figure 16: K-Nearest neighbour example [88]

The K-nearest neighbour algorithm is usually used for classification besides prediction
and estimation. It gives a proper example of instance-based learning, which stores data. It does
this to obtain classification for unclassified records which are new. To do this, it compares such
records with those similar in the training set. In dealing with this classifier, several issues must
be considered. These include the number of neighbours that one should consider, for instance,
determination of £, since k represents the nearest neighbours. It also involves other issues such
as how to measure the distance from the nearest neighbours as well as combining information
from all the observations. The algorithm also involves determination of whether points should

be weighted equally or not [72].

K-Nearest neighbour algorithm

Input: D, the set of k training objects, and test object z = (x, y")
Process:
Compute d(x’, x), the distance between z and every object, (x,y) € D.

Select 12, C D, the set of k closest training objects to z.

Output: 3 = argmax Z(xl,y‘)e:‘)z I(v=1y;)
v

Figure 17: K-Nearest neighbour algorithm

KNN classifies new objects by using a majority vote of its neighbours that the new
object has been assigned to the class that is the most similar amongst its k-nearest neighbours

[70]. The K-nearest neighbour algorithm may also be used for prediction and estimation. This
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may also include its use for continuous valued target variables. This might be achieved through
using a locally weighted averaging method, among others. The weighted method can be
achieved through multiplying the class of each of the K-nearest points by a weight proportional
to the inverse of the distance between that point and the point for which the class is to be

predicted [72].

In most cases, it would be assumed that neighbours closest to the new record should be
considered more than those far away and thus weighted heavily. However, analysts tend to apply
weighted voting which has the propensity to reduce ties. Several algorithms may be employed in
classification of objects. In K-nearest neighbour classification, one considers the number of
nearest similar variables to classify, predict or estimate its performance. This can be utilized in
situations such as administering drugs to patients. By using known classifications, one can
classify an unknown object by using the known ones to classify and estimate or predict its

behaviour [72].

Careful considerations should be taken when choosing K in classifying variables. This is
mainly because choosing a small K may result in problems such as noise. On the other hand, K
that is not very small may smoothen out idiosyncratic behaviours which may be learned from
the training set. Moreover, taking a larger K also has the probability of overlooking locally

interesting behaviour [72].

Advantages of K-nearest neighbour classifier

K-nearest neighbour algorithm is robust to noisy training data and it is simple to implement. It is
also very easy to use in parallel implementations. Another advantage of the K-Nearest neighbour
algorithm is the simplicity of learning. In addition, the training speed is very high and the results
are nearly optimal in the case of a large sample limit. This means that the algorithm is more
effective if the set of training data is large [73]. The ability of this algorithm to approximate
complex concepts of the target locally and also differently for every new instance is another

advantage of this algorithm [74].

Disadvantages of K-nearest neighbour classifier

One disadvantage of this algorithm is that it has large memory space requirements. This is

because of the needs to store all the data and hence the need for large memory space. Secondly,
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during instance classification, all training occurrences have to be visited and this makes the
algorithm slow during this procedure. A third disadvantage is that the algorithm is easily misled
by irrelevant data attributes; this means that the accuracy decreases with an increase in the
number of irrelevant data attributes. Also, the fact that the accuracy decreases with increased
noise in the set of training data is another disadvantage. Another shortcoming of this algorithm

is its computational complexity. This algorithm is highly biased by the value of K [73].

3.7 SMO Classifier: Sequential Minimal Optimization

The sequential minimal optimization is an algorithm that has been devised and proposed by Platt
[75] to provide training for support vector machines (SVM). The Quadratic programming
problem refers to the optimization problem of minimizing or maximizing a quadratic function of

many parameters subject to linear constraints on these variables [76].

Normally, support vector machines will require large investment of quadratic a program
during the process of training. The amount of programming that goes into a vector machine
during the process of training determines the effectiveness of the vector machine in question.
Optimization of problems in quadratic program is one of the key elements in training support
vector machines. How well functional the support vector machine is usually dependent on the
level of effectiveness employed in the solving process in quadratic programming. Usually, large
quadratic programming problems are more difficult to get through compared to small quadratic
programming problems. One of the best ways to deal with large quadratic programming
problems and other similar problems is to break these problems into simpler quadratic

programming problems [77].

The standard SVM training algorithm has been used as the standard in designing the
different concepts involved in the SMO. The SMO is easy to implement, conceptually simple,
faster compared to other SVM algorithms, and has better scaling properties for the different
difficult SVM problems that are involved in the standards SVM training algorithms. This system
was designed to ensure that the standard SVM system is made better using better methods. The
analytic quadratic programming step is an important element in relation to presenting the
difference that exists between the SVM’s and the training algorithms. It is important to have
some background information on the SVM algorithms to understand how the SMO system

works [77] .
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The SMO system is able to break down large and extensive quadratic programming
problems into the smallest possible quadratic problems. Here, the system works endlessly to
ensure that the problems are broken down into the smallest problems there can ever be. Unlike
the large quadratic problems, the large quadratic problems are usually solved analytically.
Solving these simpler problems analytically is more time efficient as compared to trying to deal
with the large and extensive quadratic programming. Compared to other systems, this system is
efficient in relation to the amount of memory it dedicates to the operations involved in solving
the different problems. In the training, the amount of memory that is required for the SMO to
function effectively is set size. This ensures that the system is able to deal with large and

extensive problems efficiently while employing set size memory [78].

The system is able to deal with large quadratic programming optimization problems
effectively without employing matrix computation at any one of the processes or stages. The
various test problems that are presented in training are able to get solved through linear and
quadratic computation. Operating somewhere in between the quadratic and linear set sizes in
training is an important optimization feature. Sparse data sheets and linear SVM’s have now
become easy to deal with. Unlike in the standard chunking where SVM algorithm function
somewhere in between linear and cubic in the usual training set size, this system’s computation
time is focused and based on the SVM evaluation. This is a major advantage of the system
compared to other SVM algorithm. In the development of SMO, speed was an important factor
to take into consideration. A closer look at how the system works on world sparse data sets is
evidence of the speed in this system. Here, the SMO is able to deliver a speed that is over a

thousand times faster compared to the traditional chunking algorism [78].

The SVM algorithms work by employing various numerical optimization steps. This is
usually done for the purpose of overall optimization of the quadratic programming problem. The
analysis of the SMO also presents a number of important things in relation to the real world and
artificial problems. Whenever a user wants to access a quadratic programming package without
necessarily tuning up the quadratic programming package, they can have access through
employing SMO’s. The SMO’s have also proved to perform better on SVM’s. This is true in
cases where there are many Lagrange multipliers which are bound. This is an important aspect
to take into consideration in relation to quadratic programming. The evaluation in SMO’s is also
an important factor to take into consideration. SMO’s will perform well on linear SVM’s due to
the manner in which the computation takes place. Most of the computation in SMO’s takes place

through SVM dominated evaluation [79].
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Advantages of SMO classifier

SMO’s have the ability to perform well in most of the large problems due to the fact that they
are able to improve scaling as opposed to other methods. The SMO system is able to break down
large and extensive quadratic programming problems into the smallest possible quadratic
problems. Here, the system works to ensure that the problems are broken down into the smallest
problems. In the training, the set size of memory is required for the SMO to function effectively.
This ensures that the system is able to deal with large and extensive problems efficiently while

employing set size memory [78].

The SMO’s have the ability to overcome the challenges presented by the set size in
training. Even for non-linear SVM’s which have sparse inputs, SMO’s are able to perform well.
This is mainly attributed to the kernel computations time. While working with SMO’s it is
possible to reduce the time that is involved in the kernel computation and this directly speeds up
the SMO. This is one of the key issues in relation to the efficiency of SMO’s. SMO’s are able to
exploit both the sparseness of the input data as well as linearity of the entire SVM. Unlike in
chunking where most of the time is spent working in the quadratic programming, SMQO’s has a
better way of working around this process to improve the time involved and the quality of the
end product. SMO’s stand out when it comes to the SVM training algorithms. There are a
number of other options but SMO’s stand out as the best candidate for the standard SVM
training algorithm. Here, SMO’s stand out due to the manner in which they can be used in
scaling and training set sizes. There is ease of use as well as better scaling with training set size

when it comes to the use of SMO’s [79].

Disadvantages of SMO classifier

Support vector machines are applicable in a number of systems. These machines are
fundamental in relation to solving some of the problems that are encountered in the day to day
problems. Some of the day to day problems that involve the use of support vector machines
include face detection, character recognition, text categorization, and pedestrian detection. All
these systems are important and define some of the important day to day processes. Support
vector machines have an expanded application in relation processes involving large quadratic
programming. There are a number of challenges presented in relation to the use of these

algorithms. SVM’s are usually slow. This reduces their efficiency especially in relation to large
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problems. Another major challenge facing these systems is in related to their implementation,

because they are subtle and very complex [80].

3.8 Discussion

In this section, we will discuss the classifiers qualities in term of the advantages and
disadvantages. In the process of developing and improving on machine learning, “machine
learning” engineers have adopted several approaches in obtaining sources of information on
machine learning. Among the important information sources that are applicable in machine
learning include statistics. The quality of a classifier can be based on five criteria: accuracy,

computational speed, robustness, scalability, and interpretability [81].

In Table 3, we listed some of the general advantages and disadvantages for each
classifier. The main advantages of C4.5 are scalability, simplicity and the effective methods of
handling missing data in addition to excellent performance in term of the accuracy. Replicating
Sub-tree and the small training sets are the main drawback of C4.5. JRip handles large noisy
datasets efficiently by using propositional rule learner. Moreover, representing the rules in first
order logic makes JRip easy to understand. JRip faces a challenge of handling large training set

which results in poor scalability.

One of the benefits of PART is avoiding the over pruning problem of the basic separate
and conquer rule learner which results in high scalability in its performance. On the other hand,
dealing with missing data effectively in PART is a quite challenge. Moreover, accurate results
can only be achieved by running the algorithm many times. C4.5, JRip, and PART are the most
scalable classifiers among the reviewed classifiers. Furthermore, these classifiers have been

considered among the most accurate classifiers in the data mining society.

KNN, KStar, SMO and BayesNet are considered among the most accurate classifiers.
However, in term of the scalability, they are considered as time consumers. In term of the
algorithms easiness, C4.5, JRip, PART, and BayesNet are considered as easy to understand and

to implement.
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Small, scalable, and simple
Effective handling the missing values

High accuracy

Sub-tree can be replicated many times
It does not work very well on a small training

set.

Use of propositional rule learner to efficiently handle
large noisy datasets

Usually better than decision Tree learners
Representable in first order logic which make it easy to
implement in Prolog

Prior knowledge can be added and Easy to understand

Highly accurate results can only be achieved
by running the algorithm many times

Scale poorly with large training set size
Problems with noisy data likely in real-world

data

Avoids the over pruning problem of the basic separate
and conquer rule learner

Using the divide and conquer methodology

Scalable

Easiness

Not effective dealing with missing data
Accurate results can only be achieved by

running the algorithm many times

Its computational efficiency

Simplifies the incorporation of domain knowledge
The ability of this classifier to indicate all the possible
classes a new sample

Updater that enables the classifier to learn from new
data samples

It is easy to tell which other class the sample may

belong

The mismatch between the data likelihood and
the actual label prediction accuracy

The creation of these networks is still limited
to data sets consisting of only a few variables
which are very informative

Require an expert to give domain information

for the creation of the network

In terms of accuracy, KStar is comparable to C4.5
Management of symbolic attributes, unknown values

and continuous value attributes

Large memory space requirements
Generate distance measures for all the

recorded attributes

Highly adaptive behaviour

Simple to implement

Avails a generalisation accuracy that is favourable on
many domains because it has Nonparametric
architecture

The ability of this algorithm to approximate complex
concepts

Effective if the set of training data is large

Requires no training time

Its computational complexity

The accuracy decreases with increased noise
in the set of training data

Easily fooled by irrelevant data attributes
Slow

Large memory space requirements

Avoiding the matrix computation makes SMO scalable
compared to other SVM algorithms

SMO is able to deal with large and extensive problems
efficiently because in the training, the amount of
memory that is required for the SMO to function
effective is set size

Easy to implement compared to other SVM algorithms

Hard to implement SVM training algorithms

because they are subtle and very complex

Table 3: Summary of the advantages and disadvantages of the reviewed classifiers
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The main advantage of BayesNet is the ability of indicating all the possible classes a
new sample by an updater that enables the classifier to learn from new data samples. KStar
provides high accuracy which is comparable to C4.5 in addition to a good management of
symbolic attributes, unknown values and continuous value attributes. In contrast, the main
drawback of KStar is generating distance measures for all the recorded attributes which results
in large memory space requirements. The main advantage of KNN is the large training sets it is
able to handle. On the other hand, KNN consumes large memory space. The main advantage of
SMO is that avoiding the matrix computation makes SMO scalable compared to other SVM
algorithms. Another advantage of SMO is the ability to deal with large and extensive problems
efficiently because in the training, the amount of memory that is required for the SMO to
function effective is set size. The main challenge of SMO and SVM algorithms in general is the

difficulty in implementation.

3.9 Summary

This chapter overviewed some classifiers that will be used further on in this study. The
discussed classifiers have been presented with regards to the various types of machine learning
processes, theoretical works that address these classifiers. We learn the basic techniques of these
classifiers and how these classifiers work. We overviewed C4.5, JRip, Bayes Network, PART,

and KStar in addition to K-nearest neighbour.

Moreover, we overviewed the advantages and disadvantages of each classifier that will
be used in this thesis. This analysis was performed in order to aid us to understand the behaviour
of these techniques when addressing the concept drift problem. In the next chapter, we will
describe the thesis methodology, which creates an efficient algorithm called DCCD to handle
gradual and sudden concept drift. Furthermore, the next chapter also presents the method that
used to ensure that our approach provide high quality results. The next chapter presents a new
algorithm called Concept Drift Introducer algorithm (CDI) to introduce gradual and sudden

concept drift scenarios into datasets.
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CHAPTER FOUR

DYNAMIC COMMITTEES FOR HANDLING
CONCEPT DRIFTS IN DATABASES (DCCD)
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CHAPTER FOUR

DYNAMIC COMMITTEES FOR HANDLING
CONCEPT DRIFT IN DATABASES (DCCD)

This chapter highlights our thesis methodology, where we aim to create an efficient algorithm to
handle gradual and sudden concept drifts. To this end, we design an algorithm called Dynamic
Committee for Concept Drift (DCCD). A thorough description of our algorithm is provided in
this chapter. Moreover, we introduce another new algorithm called Concept Drift Introducer
(CDI) to insert gradual and sudden concept drift scenarios into datasets. This chapter also
highlights the method that we used to ensure that our approach provide high quality results.

Figure 18 shows the steps we followed in this study.

‘ 1. Data pre-processing

‘ 2. Introducing concept drift scenarios into selected datasets by using CDI algorithm

4. Performaing the created committees against the datasets that were affacted by concept drifts

‘ 3. Creating dynamic committees by using DCCD algorithm

‘ 5. Evaluating the performance of DCCD

‘ 6. Performing comparative experiment between DCCD and MultiScheme Algorithm

Figure 18: Steps of our methodology

-57-



4.1 Data Pre-processing

In this thesis, several datasets will be used in the experiment; hence, data pre-processing is
necessary. Pre-processing our datasets is important for several reasons such as to ensure that all
values in our datasets are accurate and complete. Some datasets have missing values. Based on
the attribute type, missing values might be replaced with the mean or the mode of the attribute
values. Furthermore, one of our datasets contains noisy data which may contain errors or,
inconsistent values or outlier values. Noisy, missing, and inconsistent data occur for many
reasons such as incorrect data collection. Another reason might be to avoid human mistakes at

the data entry [6].

4.2 Introducing Concept Drift into Datasets

Having a good understanding about any dataset in a concept drift experiment is really an
essential aspect. The reason for this is that, when we want to apply any change to the dataset;
this change must be consistent with the dataset because this change might affect the final results.
Therefore, we present a new algorithm called Concept Drift Introducer (CDI) to introduce
gradual and sudden concept drift scenarios into any dataset. The main goal of CDI is to prepare
experiments to test concept drift systems. CDI generates gradual and sudden concept drift
scenarios randomly and then introducing them into the dataset. Based on real-world databases,

CDI also create partially artificial data sets that affected by concept drift scenarios.

The first step in CDI is selecting the dataset which we would like to introduce concept
drift scenarios into it. The user must specify the target attribute (where concept drift scenarios
will appear on it) to change its data distribution. Moreover, the user must specify the original
value which needs to be changed by a new value in order to perform the drift scenarios. The
second step of the CDI algorithm is specifying the number of gradual and sudden drift scenarios
in the current phase. In order to ensure that the sequence of the drift scenarios is accurate, CDI
divides the number of drift scenarios into a number of phases. The main advantage of using
phases is providing high scalability to our main algorithm (DCCD) by evaluating each phase
instead of evaluating each drift scenario. At the end, CDI change the data distribution of the
target attribute by 10% for the gradual scenario and by 50% for the sudden. Figure 19 presents
the Concept Drift Introducer Algorithm.
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Concept Drift Introducer Algorithm (CDI)

Input:

D, Dataset;
NP, the number of phases;
NDP, The number of drifts in each phase;

TAN, Target Attribute number; (the introduced concept drift will take place on this
attribute)

TAV, Target Attribute Values; (it will be changed in order to introduce concept drift)
NV, New value; (the changed value)

NGCD, The number of Gradual Concept Drift scenarios for the current phase;

NSCD, The number of Sudden Concept Drift scenarios for the current phase;
Counterl , integer default value = 1;

Counter2 , integer default value = 1;

Output: Introducing (Gradual and Sudden) concept drift scenarios into a dataset

Method:

(M
@
3)
“4)
®)
(6)
O

{

Add dataset(D);

Setup the number of phases (NP),

Enter Target Attribute number (TAN),

Enter Target Attribute Values (TAV);

Enter New value (NV),

Enter The number of drifts in each phase (NDP),
While counterl =<the number of phases (NP) do

(8) Enter The number of Gradual Concept Drift scenarios for the current phase (NGCD);
(9) Enter The number of Sudden Concept Drift scenarios for the current phase (NSCD),
(10) While counter2=<The number of drifts in each phase (NDP) do

}

(11) Introduce the Gradual Concept Drift scenarios for the current phase;
(12) Alter Target Attribute Values (TAV) To the New value (NV),

(13) Introduce Sudden Concept Drift scenarios for the current phase ;
(14) Alter Target Attribute Values (TAV) To the New value (NV);

(15) Counter2 ++

(16) End while

(17) Counterl ++

(18) End while

}

Figure 19: Concept Drift Introducer Algorithm (CDI)
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4.3 Dynamic Committees for Handling Concept Drifts (DCCD)

We present an algorithm to handle gradual and sudden concept drift by creating a committee
that consists of diverse base classifiers. Recall that our algorithm is called Dynamic Committee
for handling Concept Drifts in databases (DCCD) which can limit the accuracy reduction that
concept drifts causes. Nowadays, the need for merging diverse base learners to increase the
competition between the classifiers is significantly essential to increase the overall accuracy of
the system. Moreover, such merging can limit the inappropriate selection of base classifiers that
might be done by human. DCCD mainly proposes handling gradual and sudden concept drifts in
databases. It extends the Committee of Decision Trees algorithm [9] which was discussed in
Chapter 2. In our work, we used the idea of replacing the weakest member in the committee

with a new member.

For illustration, suppose we select Bagging as the ensemble method and we selected
C4.5 as a base classifier to train a dataset. Recall from chapter 2, Bagging creates multiple C4.5
classifiers and uses a voting mechanism to select the most accurate one as shows in Figure 20.
The main issue in Bagging is when a user selects a poor base classifier to train a dataset. Even if
Bagging created multiple C4.5 classifiers and selected the best classifier, the selection of the
base classifier still is not the right decision. Also, the base classifier might loss its efficiency as

concept drift occurs.

C4.5 Model 1

4.5 Model 2 i i
Training & Testing

Input

|:'> €45 Model3 ::>

JSUNOoA

C4.5 Medel n

Figure 20: Example of Bagging C4.5
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On the other hand, DCCD uses diverse base learners to increase the competition
between the base classifiers to provide the highest possible accuracy. Moreover, using diverse
base learners can limit the inappropriate selection of base classifiers that might be done by
human as shows in Figure 21. Furthermore, DCCD has the ability to replace the base classifier

that has the worst performance with a new member as presented in Figure 22 .

DCCD

Output The best base

[ classifier

Training & Testing

wsTaeyaaul dioa

Blacklist

Figure 21: Example of DCCD

DCCD

Output The best base

: classifier

Input

m Training & Testing

!

usmueyaaur aoHod

I
I
I

v

Blacklist

Figure 22: Example of DCCD after replacing a member
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DCCD constructs a committee and then adds diverse base classifiers in the committee as
members, as Figure 23 shows. DCCD uses the accuracy as the main measure to detect concept
drifts. DCCD train the initial dataset and records the members’ performance. When a new data
arrives, DCCD trains the new incoming data and records the accuracy of each member in
addition to updating the members’ weight. Any negative change in the members’ accuracy is

considered as a concept drift.

Create a committee

Train the committee by only the initial dataset
AND Record the initial Accuracy for each member

1Show AND Select the Accurate|
L member

I‘Record the members

Compute the HTLA of a

worst member member ==t

performance AND has the
WMP WMP

accuracy

Move this member to the Black list AND

add a new member

Figure 23: The DCCD Architecture
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DCCD continues training the new incoming data until the phase maturity is achieved. A
phase becomes mature when the number of drifts in the current phase is achieved. In order to
save time and memory consumption, DCCD divides the number of drift scenarios into a number
of phases. The main advantage of using phases is providing high scalability by evaluating each
phase instead of evaluating each drift scenario. Furthermore, the number of drifts in each phase
should not be too huge which might be late to handle concept drifts, or too small which can be

too sensitive. This is hardest task which is setting the number of concept drifts in a phase.

When the number of drifts in a phase is low, the concept drift detection method will be
stronger. This may increase the accuracy of DCCD, because DCCD will detect the worst
member performance quickly. However, lowering the number of drifts in each phase may
decrease the scalability of DCCD, because DCCD will have more evaluation points to perform.
Therefore, the user must balance between accuracy and scalability to reach an acceptable

compromise between them.

When a member’s (i.e., a classifier’s) performance drops below a minimal threshold ¢
and it has the worst member performance at the end of a phase, this member is forced to retire.
A new member then fills the open place on the committee. Moreover, DCCD detects the worst
member in the committee to eliminate this member by using a weighting mechanism. DCCD
weights the committee members based on their performance and detected the worst member
performance based on their weighting (will be discussed in sections 4.3.1 and 4.3.2). DCCD has
one main formula which is the Total Loss in Accuracy (TLA) to calculate the total lost accuracy

at the end of each phase. The total loss in accuracy is calculated by equation (4.1):

A.
TLA; = Z4; X; (4.1)
D;
Here, TLA, refers to the total loss in accuracy for a committee member; and 4;

refers to drifts accuracy in the current phase for a member. Moreover, D; refers to the number of
drifts in the current phase for the member while X; stands for the initial accuracy for the
member. DCCD calculate the total loss in accuracy by summing up the members’ accuracy in
the current phase and divide them by the number of drifts in the current phase. This gives us an
indication of the rate of loss of the committee. The outcome of the previous division is

subtracted from the initial accuracy.
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For example, suppose we decided to have three drifts in each phase to make a good
balance between accuracy and scalability. Moreover, the total lost accuracy must be less than
5% at the end of each phase. If the total lost accuracy for a member becomes more than 5%,
DCCD identifies this reduction as a sign of concept drift which must be handled. Suppose our

committee C; that consists of three members as in Table 4.

, , DCCD

Drift Scenarios 5
BayesNet C4.5 JRip
Drift 0  (Original) 85.71% 92.36% 86.69%
Drift 1 84.78% 89.93% 84.09%
Phase 1 Drift 2 84.84% 87.15% 82.63%
Drift 3 83.68% 90.39% 85.59%
Total Loss in accuracy TLA - Evaluation Point -1.28% -3.20% -2.59%

Table 4: example shows how DCCD calculate the total loss in accuracy TLA

Now, we train the first coming data, the original dataset, and record the initial accuracy
for each committee member. When new data arrives, DCCD starts to record the members’
accuracy. At the end of the current phase, DCCD sums the accuracy of Drift 1, 2, and 3. Then,
DCCD divides the previous outcome by the number of drifts which is in this case three. After
that, DCCD subtracts outcome from the initial accuracy. Suppose we want to apply this to

calculate the total loss in accuracy for JRip in Table 4.

84.69 + 82.63 + 85.59

This means that the total loss in accuracy for JRip TLAg;, is (-2.59%) at the end of

phase 1. This loss in accuracy is less than 5%, which is the acceptable range for losing accuracy.
Therefore, DCCD will not force JRip to retire at this phase and JRip will continue to the next

phase. Our algorithm works as shown in Figure 24.

- 64 -



Dynamic Committee for Concept Drift Algorithm (DCCD)

Input:
D, Training set;
NDP, the number of drifts in each phase
C, Committee;
C; A committee member (learning scheme such as IBK, C4.5, JRip, etc.)
1A, Initial Accuracy for each member;
Members’ accuracy
PM,  Phase maturity Default value = false;
AT,  Accuracy threshold (The acceptable range for losing accuracy);
MW;  Members Weighting Default value = ‘0’;
LWR  The lowest weight recorded Default value = ‘0’;
BL, Fixed size blacklist;

E E EEEEEEENEBNSZHN
£
g

Output: The most accurate member C;

Method:
(1) Create Committee C;
2) Add the committee members C; to Committee C (minimum = 2);
3) Setup Accuracy threshold (AT);
4) Train committee C by the Training set D;

5) Record Initial Accuracy (IA) for each member;

6) Update the weight of the most accurate member by adding 1;
7 Show the result of the most accurate member,

®) Start a phase;

) While Phase maturity PM== “ false” do
(10) Train committee C by the new incoming training set Dy, ;

11 Record Members’ accuracy (MA);

(12) Update the weight of the most accurate member by adding 1;
(13) Show the result of the most accurate member,

(14) Update the lowest weight recorded (LWR),

(15) End while

}

(16) Calculate (TotalLass in Accuracy (TLA) for each member) equation (4 ])
XA
TLAl = == Xl';
D;

17) IF ( Total loss in Accuracy for a committee member C; >= Accuracy threshold (AT) AND the weight of
member C; = the lowest weight recorded LWR)

Then

(18) Move the committee member C; to the blacklist BL ;

(19) Add a new committee member C; e, To committee C;
(20) IF the new committee member C; e, in the blacklist BL then,
21 Add a new committee member C; e,y ;

End if
(22) Update the lowest weight recorded (LWR);
End if

(23) Go to step (8);

Figure 24: Dynamic Committee for Concept Drift (DCCD) Algorithm
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DCCD begins by creating a committee C which consists of a minimum of two members.
DCCD starts adding the committee’s members C; into C. After constructing the committee,
DCCD trains the committee C by the first incoming data D and records the Initial Accuracy for
each member Al in addition to show the result of the most accurate member. Moreover, DCCD
updates the weight of the most accurate member by using the member’s weighting mechanism
(as will be discussed in section 4.3.1). When new data D,,,,, arrives; DCCD trains C and records
the members’ accuracy because DCCD uses the accuracy to discover concept drifts. If DCCD
discovers a change in the members’ accuracy, DCCD considers this change as a concept drift.
At each drift, DCCD updates the member’s weighting, for each member by using the member’s
weighting mechanism because DCCD uses members’ weighting mechanism to identify the
worst member performance. The worst member performance is the member that has weight

equal to lowest weight recorded (LWR) (as will be discussed in section 4.3.2).

DCCD continues to record MA, the members’ accuracy, until the value of PM, the
phase maturity, becomes true. Once the value of PM becomes true, DCCD stops for an
evaluation point. In the evaluation point, DCCD calculate the total loss in accuracy TLA by
using equation (4.1). If a member lost more than the Accuracy threshold (AT) at end of a phase
and has the worst member performance, DCCD moves this member to the blacklist BL. Finally,
DCCD adds a new member (C; ;o) to the committee C. Then, DCCD updates (LWR) and starts

a new phase.

4.3.1 Overview of the weighting mechanism

The weighting mechanism calculates how many times a member has been selected to be the
most accurate member in the entire committee’s life cycle. In each drift, the most accurate
member is awarded with a score of 1. The other members receive a score of 0. The weighting

mechanism is used to detect the member with the worst performance.

For example, suppose we decided to have three drifts in each phase to make a good
balance between accuracy and scalability. Moreover, the total lost accuracy must be less than
5% at the end of each phase. If the total lost accuracy for a member becomes more than 5%,
DCCD identifies this reduction as a sign of concept drift which must be handled. Suppose our

committee C; that consists of three members as in Table 5.
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Drift Scenarios DCCD
BayesNet C4.5 JRip
Drift 0  (Original) 85.71% 92.36% 86.69%
Phase Drift 1 84.78% 89.93% 84.09%
Drift 2 84.84% 87.15% 82.63%
1 Drift 3 83.68% 88.39% 85.59%
Total Loss in accuracy - Evaluation Point -1.28% -5.20% -2.59%

Table S: Example for the weighting mechanism

According to Table 5, the most accurate classifier for drift 0 is C4.5, that means the
weighting of C4.5 becomes 1. Also, C4.5 is the most accurate member in the committee in drift
1. Therefore, the weighting of C4.5 increases to 2. In drift 2 and drift 3, C4.5 continues to be the
most accurate member in the committee, which makes the weighting of C4.5 increase to 4. For
BayesNet and JRip, the weighting are 0 while the weighting for C4.5 is four because it is the

most accurate member in all the drifts as presented in Table 6.

ATL -1.28% -5.20% -2.59%

Table 6: The members' weight at the end of phase 1 for the example for the weighting mechanism

4.3.2 Overview of the worst member performance detection mechanism

There are several conditions in our DCCD algorithm to determine when a committee member
has to retire. One of these conditions is being the worst member, in terms of performance, in the
committee. The worst member performance is determined by comparing the members’ weight at
the end of each phase to the lowest recorded weight. The member that has a weight equal to the
lowest recorded weight in the committee is considered as the worst member performance WP.

Identifying the worst members in the committee can be done by the following example.

For example, suppose we setup the accuracy threshold, t, to be -5% and we decide that
each phase consists of three drifts. Also, suppose our committee C consists of three members.

These members are selected as follows:

e Member 1: BayesNet (BN)
e Member 2: K-Nearest Neighbour (IBK)
e Member 3: Decision Tree (C4.5)
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Now, we train the classifiers with incoming dataset, the original dataset, and record the
accuracy for each committee member. Suppose the results of running this committee against a

dataset as presented in Table 7(a).

Scenarios
BN IBK C4.5 Member’s Weight 1 0 3
Drift 0 97.05% 90.33% 98.06%

Ph Drift 1 98.91% 97.45% | 97.45% lowest recorded 0
fse Drift2 | 86.00% | 85.60% | 90.52% weight
Drift 3 94.69% 94.69% 95.36%

b) The members’ weight and the lowest recorded weight in
TLA 2.74% -5.48% -2.61% the committee

a)  Results of running a committee against a dataset

Table 7: Example to detect the worst member performance

Based on Table 7, the member that has its results in bold is the most accurate member in
the committee. In each drift, the most accurate member is awarded with a score of 1 that will be
added to its weight. The results from Table (a) show the weighting of C4.5 is 3 while the
weighting of BayesNet is 0 and IBK is 1. Therefore, the lowest recorded weight in the
committee is 0 which is IBK’s weight. Therefore, DCCD considers IBK as the worst member
performance in the committee. However, IBK lost more than 5% at the end of phase 1 and the
IBK is the worst member performance in the committee. Therefore, DCCD forces IBK to retire
because it lost more than t in its accuracy and its weighting is considered as the worst member

performance.

4.4 Discussion

In this section, we present a discussion of our two algorithms. In this chapter, we
introduced a new algorithm for introducing concept drift into databases called Concept Drift
Introducer (CDI) to prepare experiments to test concept drift systems. Based on real-world
databases, CDI create partially artificial data sets that affected by concept drift scenarios. CDI
generates gradual and sudden concept drift scenarios randomly and then, introduces them into
the selected dataset. In order to ensure that the sequence of the drift scenarios is accurate, CDI

divides the number of drift scenarios into a number of phases. The main advantage of using
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phases is providing high scalability to our main DCCD algorithm by evaluating each phase

instead of evaluating each drift scenario.

Furthermore, we presented the DCCD algorithm that creates a committee that consists
of two or more diverse base classifiers to handle gradual and sudden concept drift in databases.
Recall that concept drifts cause a reduction in the current classifier accuracy that is used in
examining the underlying data distribution. Therefore, DCCD uses the accuracy as the main
measure to detect concept drifts. When the current classifier starts to lose its accuracy when
concept drifts appear, DCCD considers this reduction in the accuracy as a sign of concept drift.
Therefore, DCCD handles concept drift immediately when the loss in accuracies reaches

unacceptable ranges.

Regular ensemble systems select one base classifier which subsequently creates several
classifiers. This assumption ignores the idea of selecting a poor base classifier might affect the
results. This is because the selected base classifier might be effective at a certain point of time.
However, when concept drifts occur, the base classifier may have lost its efficiency. DCCD
overcomes this issue by providing diversity through using base classifiers in one committee to
ensure that DCCD provides highly accurate results in non-stationary environments. Through
using the diversity of classifiers, we manage to get better results. In contrast, severity could
provide misleading results, if the quality of the created classifiers is low. This is especially true

in the ensembles that use majority voting.

The dynamically that DCCD has may limit the accuracy reduction that caused by
concept drift. Recall that DCCD uses a weighting mechanism to detect the worst member
performance. The main advantage of this mechanism is replacing the worst member
performance with a new member that might provide better results. When a committee member
has the worst performance in the committee and its accuracy drops below a minimal threshold,
DCCD replace this member by a new member. The dynamically that DCCD has, increase the
competition between the committee members, which will increase the overall performance of
the system. This can be achieved by the dynamic ability in DCCD which allows adding and
removing base classifiers, based on their performance. Furthermore, this dynamically can reduce
the human errors when selecting inappropriate base classifiers to train a dataset. Further, DCCD
provides flexibility for the user to use new base classifiers in the future. Moreover, the selected
base classifiers might be effective at a certain time but when concept drifts occur, the selected

base classifiers may have lost their efficiency.
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In order to save time and memory consumption, DCCD divides the number of drift
scenarios into a number of phases. The main advantage of using phases is providing high
scalability by evaluating each phase instead of evaluating each drift scenario. DCCD provides
flexibility to the users to reach an acceptable balance between accuracy and scalability based on
their needs. In other words, the number of drifts in each phase should not be too huge which
might be late to handle concept drifts, or too small which can be too sensitive. When the number
of drifts in a phase is huge, the scalability of DCCD will be high but the accuracy of DCCD
might decrease because it might be late to handle concept drifts. On the other hand, when the
number of drifts in a phase is low, the concept drift detection method will be stronger which can
increase the accuracy of DCCD because DCCD will detect the worst member performance
quickly. However, lowering the number of drifts in a phase may decrease the scalability of

DCCD because DCCD will have more evaluation points to perform.

The number of base classifiers in a committee should be determined based on finding a
good trade-off between accuracy and scalability; this depends on users’ judgment and the
characteristics of the datasets used. For instance, credit cards approval system in most banks
requires the highest possible accuracy that can be achieved regardless of the system’s speed. On
the other hand, stocks prediction system in a bank requires the highest possible scalability that
can achieve an acceptable level of accuracy for the bank. Therefore, users must balance between
accuracy and scalability to reach an acceptable compromise between them, based on the nature

of the required tasks.

Furthermore, DCCD can use as many base classifiers as possible; however, we must
consider a good trade-off between the size of the committee and (accuracy and accommodating
an acceptable scalability). Islam et al. [92] shows that the number of members in an ensemble
classifier strongly affects the ensemble classifier performance. Generally, when the number of
members is large, the computational costs would increase while small number of members

would lead to poor generalisation as can be seen in the worst case of only one member [92].

4.5 Summary

In this chapter, we presented a discussion about our methodology and our two algorithms. We
introduced the Concept Drift Introducer algorithm (CDI) that introduces gradual and sudden
concept drift scenarios into dataset. CDI selects the dataset that we would like to introduce
concept drift scenarios into it and then, CDI divides the number of gradual and sudden drift

scenarios into a number of phases.
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Furthermore, we presented the DCCD algorithm that creates a dynamic committee that
consists of two or more diverse base classifiers to handle gradual and sudden concept drift.
DCCD uses the accuracy as the main measure to detect concept drift. When the current model
starts to lose its accuracy when new data arrive, DCCD considers this reduction in accuracy as a
sign of concept drift. DCCD uses a weighting mechanism to detect the worst member, in terms
of performance. When a committee member has the lowest weight in the committee and its
accuracy drops below a minimal threshold from its initial accuracy, DCCD forces the member to
retire. The dynamically that DCCD has can limit the accuracy reduction that caused by concept
drift. Furthermore, this dynamically may reduce the human errors in case of selecting
inappropriate base classifiers for a dataset and provides flexibility for the user to use new base

classifiers in the future.

To summarized, this chapter introduced the two algorithms that we have developed. The
two algorithms are Concept Drift Introducer algorithm CDI and Dynamic Committee for
Concept Drift algorithm (DCCD). In chapter 5, we present our experimental design and setup in
addition to introducing the prepared datasets that will be used in this study.
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CHAPTER FIVE
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CHAPTER FIVE
EXPERIMENTAL DESIGN

This chapter highlights our experimental design and setup. To evaluate the performance of
DCCD, we apply a ten-fold cross validation method. In this method, data are first divided into
ten equal folds randomly. One fold is used as the test set and the rest of the nine sets are used as
training sets. The error rate on each fold is averaged to yield an overall error rate [73].
Throughout our experiments, we have considered the accuracy as the main measure. The
accuracy refers to the number of correctly classified examples divided by the total number of

examples Accuracy is represented by the following formula:

TP+TN

Accuracy = ——
Y = IP+IN+FP+EN

(5.1)

Having a good understanding of the dataset in any concept drift experiment is an
essential aspect. The reason for this is that when we want to apply any change to a dataset, this
change must be consistent with the dataset as this change might affect the final results. In the
interest of measuring the performance of our DCCD algorithm, concept drift scenarios have
been introduced on several datasets by using CDI to determine several committees’ reactions to
these scenarios. DCCD divides the concept drift scenarios into several phases. Each phase
consists of both gradual and sudden scenario. Table 8 provides the description of concept drift

sceneries.
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The Influence
Procedure name Means
Percentage

Original 0% The original dataset without any change

Performing gradual drift scenario by changing
Drift (Gradual) 10%
10% from an attribute distribution

Performing gradual drift scenario by changing
Drift (Sudden) 50%
50% from an attribute distribution

Table 8: The description of concept drift sceneries

Finally, we perform a comparative comparison between DCCD and another algorithm
called MultiScheme (MS) in order to evaluate the effectives of DCCD in handling concept drift
compared to MS in Chapter 6.

5.1 The Selection of Datasets

Recall that DCCD algorithm is designed to work on batch datasets; hence, four datasets
were selected to introduce concept drift scenarios into them by CDI. Our selection for those
datasets is based mainly on the size to examine how DCCD performs against large, medium,
small, and very small datasets. The selected datasets are taken from the UCI data repository,
which were selected carefully to represent different scenarios [84]. Moreover, the dataset
characteristics could make one classification algorithm more appropriate than another. However,
the dataset characteristics do not affect the performance of DCCD directly but it may affect the
performance of the base classifiers that DCCD uses as will be discussed in section 8.2. Table 9

summarizes the main aspects of our datasets.

Attribute Number of Number of Number of Dataset
Dataset Default Task
Types Attributes Instances Classes Characteristics
Car . . .
Classification  Categorical 6 1728 4 Multivariate
Evaluation
Nursery Classification  Categorical 8 12960 5 Multivariate
Contact . . .
Classification ~ Categorical 4 24 3 Multivariate
lenses
Iris Plants  Classification Real 4 50 3 Multivariate

Table 9: Summary of our Datasets
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5.2 Introducing Concept Drifts to the First Dataset: Car Evaluation Dataset

The first dataset is the Car Evaluation which was derived from a simple hierarchical decision
model. The Number of Instances in the Car Evaluation database is 1728 and the number of input
attributes is six attributes, namely buying, maintenance, doors, persons, the size of luggage boot,

and safety. The attributes are described in Table 10.

Attribute name Attribute means Attribute name Attribute means
buying buying price safety estimated safety of the car
maint price of the maintenance persons capacity in terms of persons to carry
doors number of doors lug_boot the size of luggage boot

Table 10: Input Attribute Description

The attribute values for the buying and maintenance are v-high, high, med, or low. While
the attribute values for the doors and persons are 1, 2, 3, 4, 5, or more, the size of luggage boot
attribute values are big, med, or small and for the safety attributes high, med, or low. The target

class value consists of four classes namely Unacceptable, Acceptable, Good, and Very good.

Drift Scenario Drift point The influence percentage
Drift 0 (original) 0 0%
Drift (Gradual) 172 10%
Drift (Sudden) 864 50%

Table 11: Drift Scenarios for Car Evaluation dataset

In Table 11, the drift scenario column corresponds to the drift type while the drift point
column refers to the number of instances that have been changed. The influence percentage
column refers to the percentage of change that influenced the entire dataset. However, all the
drift scenarios were applied to the buying and the maintenance attributes. Drift 0 is the original
dataset without any change. The gradual drift means that we applied changes to the original
dataset by altering some of the maintenance attribute values form v-high to high. The total
number of instances that we changed in gradual scenarios is 172 instances each time. This
change influenced 10% of the entire dataset. In case of applying another gradual drift; we make

additional changes to the dataset by another 10%.

The other type of drift scenario that has been applied is the sudden drift. We have
applied many sudden scenarios to this dataset. Sudden scenario that has been applied to the

dataset means altering 864 instances values from the maintenance attribute in the original
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dataset each time. This type of drift is considered as a sudden and radical change, which
influences 50% of the entire dataset. We divided this dataset into five phases; each phase
consists of three drift scenarios. Moreover, each phase must consist of gradual and sudden

concept drift.

5.3 Introducing Concept Drifts to the Second Dataset: Nursery Dataset

The Nursery dataset has been used many times in the past two decades, especially when there
was excessive enrollment into nursery schools in Ljubljana, Slovenia. Many applications have
been rejected and these rejections need an explanation to the authorities. The Nursery Database
was derived from a hierarchical decision model originally developed to rank applications for
nursery schools. The final decision depended on three sub problems: occupation of parents and
child's nursery, family structure and financial standing, and social, and health picture of the
family, as shown in Table 12. The number of instances in the Nursery database is 12960
instances and it has eight input attributes. The target class values consist of five classes, namely

recommended, not recommended, very recommended, priority, and special prior.

Attribute Name Input value

Parents usual, pretentious, great pret

has_nurs proper, less proper, improper, critical, very crit.
form complete, completed, incomplete, foster

children 1,2, 3, more

housing convenient, less conv, critical

finance convenient, inconv
social non-prob., slightly prob., problematic
health recommended, priority, not recom.

Table 12: The input attributes of the Nursery Database

The drift scenarios that are introduced to the Nursery dataset are similar to the scenarios
introduced to the Car Evaluation Dataset. All the drift scenarios are applied to the hours of
nursing attribute. In Table 13, drift 0 is the original dataset without any change. On the gradual
drifts, we applied drifts scenarios by modifying 10% of the hours of nursing attribute values at
each time. When we apply another gradual scenario it means that we change 10% more in
addition to the previous gradual drift. For example, suppose we applied the first gradual drift
which is drift 1; then, when we want to apply another gradual drift. We apply additional changes
to driftl by 10%. This means that total changes of the first gradual drift and the second one is
20%.
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Drift Scenario Drift point The influence percentage

Drift 0 (Original) 0 0%
Drift (Gradual) 1296 10%
Drift (Sudden) 6480 50%

Table 13 : Drift Scenarios for Nursery dataset

The other scenario drift that we introduced is sudden drifts. We altered 6480 instances
from the original dataset. This type of drift is considered as a sudden and radical change, which
influences 50% of the entire dataset. We also divided the drift scenarios into three phases; each
phase consists of three drift scenarios. Moreover, each phase must consist of gradual and sudden

concept drift.

5.4 Introducing Concept Drifts to the Third Dataset: Contact Lenses Dataset

On August Ist, 1990, Benoit Julien donated the contact lenses dataset, which has been used
several times since that date. The number of instances in this database is 24 instances and the

number of input attributes is four attributes.

Attribute Name Input value
Age young, pre-presbyopic, presbyopic
spectacle prescription myope, hypermetrope
Astigmatic no, yes
tear production rate reduced, normal

Table 14: The input attributes of the contact lenses dataset

The examples in this database are complete and noise free and concern the problem of
specifying which contact lenses are appropriate for each customer. In Table 14, we present the
attributes names and the input values for these attributes, while in Table 15; we display the

target class values which consist of three different concepts.

Class Value Means
1 The patient should be fitted with hard contact lenses
2 The patient should be fitted with soft contact lenses
3 The patient should not be fitted with contact lenses

Table 15: The target class values of the contact-Lenses dataset
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Similar scenarios have been introduced to the Contact lenses dataset are to the scenarios
that we have introduced to the Car Evaluation and Nursery datasets. We decided to introduce
twelve drift scenarios. Furthermore, we divided the drift scenarios into four phases; each phase
consists of three drift scenarios. Each phase must include both gradual and sudden scenario. In
Table 16, the drift scenario column refers to the drift type, while the drift point column refers to
the number of instances that we have changed. The influence percentage corresponds to the

influence percentage of the change to the entire dataset.

Drift Scenario Drift point The influence percentage
Drift 0 (Original) 0 0%
Drift (Gradual) 2 10%
Drift (Sudden) 12 50%

Table 16: Drift Scenarios for Contact-Lenses dataset

Table 16 shows the drift scenarios that introduced to the Contact-Lenses dataset. Drift 0
refers to the original dataset and the gradual drift means applying gradual drift on the original
dataset by altering 10% from original dataset. All the modifications have been done on Age
attribute; the total number of instances that we changed in this case is two instances for each
gradual drift. This change influenced 10% of the entire dataset. The sudden drifts means that the
numbers of instances that have been changed in the age attribute are twelve instances. Therefore,

this change affects 50% of the entire dataset at each sudden drift scenario.

5.5 Introducing Concept Drift to the Fourth dataset: Iris Plants Dataset

This dataset created by R.A. Fisher in July, 1988 is one of the best known database to be found
in the pattern recognition and data mining literature [74]. This dataset has no missing values.
Moreover, there are 150 Instances, four input attributes, and three target classes in this dataset.
The data set contains 3 classes of 50 instances each. Each class refers to a type of iris plant.

Table 17 shows the input attributes and the description of them.

Attribute Name Input value
sepal length sepal length in cm
sepal width sepal width in cm
petal length petal length in cm
petal width petal width in cm

Table 17: The input attributes of the Iris Plants dataset
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In Table 18, we describe the target class values, which consist of the three different
values namely; Setosa, Versicolour, and Virginica. Those values represent the types of Iris Plant

that the classifiers should assign each instance to one of these values.

Class Value Means
Setosa The type of Iris is Setosa
Versicolour The type of Iris is Versicolour
Virginica The type of Iris is Virginica

Table 18: The target class values of the Iris Plant dataset

Similar drift scenarios have been introduced to the Iris Plant dataset. Twelve drift
scenarios have been applied to this dataset divided into four phases. Also, each phase must
include both gradual and sudden scenario. In Table 19, the drift scenario column refers to the
drift type, while the drift point column refers to the number of instances that we have changed.
The influence percentage corresponds to the influence percentage of the change to the entire

dataset. However, all the drift scenarios are applied to all attributes.

Drift Scenario Drift point The influence percentage
Drift 0 (Original) 0 0%
Drift (Gradual) 15 10%
Drift ( Sudden ) 75 50%

Table 19: Drift Scenarios for Iris Plant dataset

The gradual drift means applying gradual drift on the original dataset by modifying 10%
from the original dataset. The total number of instances that we changed in this case is 15
instances for each gradual drift. This change influenced 10% of the entire dataset. The number
of gradual drift that have been applied to this dataset is six drifts. The sudden drift means that
the numbers of instances that have been changed are 75 instances. Therefore, this change affects
50% of the entire dataset at each sudden drift scenario. However, there are six sudden drifts that

have been applied to this dataset.

5.6 Discussion

This chapter highlighted how we introduced concept drift scenarios into four datasets in order to
use them in our experiment in Chapter 6. We introduced concept drift scenarios by using an

effective algorithm called Concept Drift Introducer (CDI). Throughout our experiment, we took
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advantage of a number of pre-existing datasets for data mining usage [74]. The main goal of
introducing concept drift scenarios to datasets is to perform DCCD algorithm on these dataset in

the next chapter.

CDI splits the drift scenarios into a number of phases and then CDI selects the target
attribute that the concept drift scenarios will appear on it. Moreover, CDI specifies the original
value which needs to be changed by a new value in order to perform the drift scenarios. The
second step of the CDI algorithm is specifying the number of gradual and sudden drift scenarios
in the current phase. CDI requires the user to enter the number of gradual and sudden drift
scenarios in each phase. At the end, CDI changes the old value to the new value by 10% for the

gradual drift or by 50% for the sudden drifts.

5.7 Summary

In this chapter, we discussed introducing concept drift to four dataset by using the CDI
algorithm in order to perform DCCD algorithm on these dataset in our experiments. For the
experiments in this study, we introduced two types of concept drifts, gradual and sudden, into
four datasets. We described these datasets and then introduced drift scenarios really carefully
because having a good understanding of the dataset in any concept drift experiment might affect
the final results. Moreover, all the introduced drift scenarios are consistent with the dataset. In
order to examine our approach’s reaction to gradual and sudden concept drifts, we divided the

concept drift scenarios into several phases. Each phase consists of gradual and sudden scenarios.

In the next two chapters, we analyze and evaluate the performance of DCCD for each of
the two types of concept drifts. In Chapter 6, we present the result analysis of four committees
performed on four datasets. The results analysis shows how DCCD can limit the accuracy
reduction that is caused by the concept drift when the data distribution changes over time.
Chapter 7 provides a comparison between our algorithm (DCCD) and a similar approach,

namely MultiScheme.
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CHAPTER SIX
EXPERIMENTAL EVALUATION

In this chapter, we provide the experimental evaluation of our DCCD algorithm. The main
experimental goal is to examine the ability of the dynamic committee of diverse base classifiers
(DCCD) to handle gradual and sudden concept drifts. Another goal is to measure the
performance of the base classifiers in different committees against the same datasets affected by
concept drifts. Moreover, studying base classifier loss of efficiency as concept drift occurs is the
last goal of this experiment. We ran a variety of DCCD committees against several datasets

affected by gradual and sudden concept drifts.

6.1 Experiment setup

In this experiment, we select the seven base learning classifiers, which were overviewed
in Chapter 3 to be used as members in DCCD’s committees. Those base learning classifiers are
selected to provide diversity to the committee members and at the same time accurate enough to
achieve a good generalisation. Additionally, we use three base classifiers in each DCCD
committee, which in fact we can use as many as possible as discussed in section 4.4. However,
three base classifiers in a committee provide a good trade-off between the size of the committee

and (accuracy and accommodating an acceptable scalability).
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In this experiment, we ran four committees of DCCD against the four datasets that we
introduced concept drift scenarios into them to show the ability of DCCD to recover from
selecting a poor base classifier. Therefore, four committees of DCCD that include different
members can provide a good generalization. Throughout this experiment, the four committees of
DCCD are trained by the same sequence of drift scenarios that were introduced into the selected

datasets for the fairness and consistency of evaluating the DCCD algorithm.

By inspection, we decided to set the accuracy threshold ¢ to -5%, by inspection. If the
total lost accuracy for a member becomes more than -5%, DCCD identifies this reduction as a
sign of concept drift which must be handled. Furthermore, recall that to evaluate the
performance of DCCD, we apply a ten-fold cross validation method and we used the accuracy as
the main measure. Also, we use an open-source Java-based machine learning called WEKA to

perform this experiment.

6.2 The Results of the First Committee

In this section, we present our analysis of the results of our experiments. The first committee
consists of three committee members which are BayesNet, C4.5, and JRip. These members are
chosen based on specific criteria. We chose C4.5 to compare it with JRip in terms of accuracy
and to measure their performance on different sizes of datasets. Moreover, we chose BayesNet
to measure its performance in terms of handling concept drifts because it has an updater that
enables BayesNet to learn from new data samples which might be useful for handling concept
drifts. This committee was run against four datasets which was discussed in the previous

chapter.

6.2.1 The results of the first dataset: Car Evaluation Dataset

As we mentioned in Chapter 5, there are fifteen drift scenarios applied to the car evaluation
dataset. Seven of these drift scenarios are gradual and the rest are sudden. Table 20 represents
the results of the first committee in details. In addition, it shows where DCCD replaced one of

the committee members.
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Drift Scenarios

DCCD

BayesNet C4.5 JRip
Drift 0  (Original) 85.71% 92.36% 86.69%
Drift1  (Gradual) 84.78% 89.93% 84.09%
Phase Drift2  (Sudden) 84.84% 87.15% 82.63%
1 Drift3  (Gradual) 83.68% 90.39% 85.59%
Total Loss in accuracy - Evaluation Point -1.28% -3.20% -2.59%
Drift4 (Sudden) 82.70% 86.17% 83.22%
Phase Drift 5 (Gradual) 84.20% 90.39% 86.46%
2 Drift 6  (Sudden) 81.37% 80.21% 76.45%
Total Loss in accuracy - Evaluation Point -2.95% -6.77% -4.65%
Drift 7  (Sudden) 83.68% 84.66% 81.59%
Phase Drift 8 (Gradual) 83.56% 86.92% 81.48%
3 Drift9  (Sudden) 82.06% 83.04% 80.55%
Total Loss in accuracy - Evaluation Point -2.61% -7.49% -5.48%
Replacing JRip by SMO  BayesNet C4.5 SMO
Drift 10  (Gradual) 82.29% 86.23% 87.61%
Phase Drift 11  (Gradual) 84.66% 89.23% 89.40%
4 Drift 12 (Sudden) 84.61% 83.91% 85.65%
Total Loss in accuracy - Evaluation Point -1.86% -5.90% -0.06%
Drift 13  (Sudden) 86.05% 89.29% 87.21%
Phase Drift 14  (Gradual) 84.95% 88.48% 89.12%
> Drift 15 (Gradual) 82.58% 84.43% 86.28%
Total Loss in accuracy - Evaluation Point -1.18% -4.96% 0.85%

Table 20: Running the first committee against the car evaluation dataset

C4.5 is the most accurate member in entire phase 1. At the end of phase 1, an evaluation

In phase 2, the most accurate member in drift 5 and 6 is C4.5 while BayesNet is the

drifts in phase 1 and they will continue to the next phase.
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point takes place to evaluate the members’ performance. BayesNet lost 1.28%, C4.5 lost 3.20%,
and JRip lost 2.59% from their initial accuracy. Recall from Chapter 4, that there are two
conditions to replace a member; namely losing more of the accuracy threshold (5% in this
experiment) and being the worst member performance. The worst member performance is
determined by the weighting mechanism. Based on the weighting mechanism, the most accurate
member in each drift gets 1 point in its weight. Therefore, the weight of C4.5 is 4 points while

BayesNet’s and JRip weight is 0 point. Therefore, all members are successfully handled concept

most accurate member in drift 6. At the end of phase 2, BayesNet lost 2.95% and JRip lost




4.65% of their initial accuracy which is still in the acceptable range of the loss in accuracy. On
the other hand, C4.5 lost 6.77% of its initial accuracy which is above the acceptable range. The
weight of C4.5 is 6 points while BayesNet’s weight is 1 point and JRip is 0. Hence, C4.5 lost
more than 5% of its initial accuracy but it is not the worst member performance. Therefore, C4.5

will continue to the next phase.

C4.5 is the most accurate member in the entire phase 3. At the end of phase 3, BayesNet
lost 2.61% of its initial accuracy which stills in the acceptable range of the loss in accuracy. On
the other hand, C4.5 lost 7.49% and JRip lost 5.48% of their initial accuracy which are above
the acceptable range. According to the weight mechanism, the weight of C4.5 is 9 points while
BayesNet’s weight is 1 and JRip is 0. Hence, C4.5 lost more than 5% of its initial accuracy but it
is not the worst member performance while JRip lost more 5% of its initial accuracy and is the
worst member performance. Therefore, C4.5 will continue to the next phase while JRip will be

replaced with a new member which is SMO.

In phase 4, the most accurate member is SMO for the entire phase. At the end of phase
4, BayesNet lost 1.86% and SMO lost 0.06% from their initial accuracy while C4.5 lost 5.90%
which is above the acceptable range. According to the weight mechanism, the weight of C4.5 is
9 points while BayesNet’s weight is 1 point and SMO is 3. Hence, C4.5 lost more than 5% of its
initial accuracy but it is not the worst member performance. Therefore, C4.5 will continue into
phase 5. In drift 13, the most accurate member is C4.5 whereas in drift 14 and 15, SMO is the
most accurate member. At the end of phase 5, BayesNet lost 1.18% and C4.5 lost 4.96% while
SMO lost 0.85% of their initial accuracy which is above the acceptable range. According to the
weight mechanism, the weight of C4.5 is 10 points while BayesNet’s weight is 1 and SMO is 5.

6.2.2 The results of the second dataset: Nursery dataset

Table 21 shows the results of the first committee in details. Conjointly, it displays where DCCD
replaced one of the committee members. There are nine drift scenarios have been introduced to
the nursery dataset. Five of these drift scenarios are gradual and four scenarios are

sudden.96.98%.
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Drift Scenarios :

BayesNet C4.5 JRip
Drift 0  (Original) 90.33% 97.05% 96.98%
Phase Drift1 (Gradual) 90.76% 97.45% 97.28%
Drift2 (Sudden 85.99% 90.52% 85.72%

1
Drift3 (Gradual) 88.22% 95.36% 92.65%
Total Loss in accuracy - Evaluation Point -2.01% -2.61% -5.10%
Replacing JRip b O 3 4 0
Phase Drift4 (Sudden) 85.49% 91.75% 86.70%
Drift5 (Gradual) 87.05% 92.59% 89.78 %

2
Drift 6  (Sudden) 83.86 % 91.17% 88.02%
Total Loss in accuracy - Evaluation Point -4.86% -521% +1.46%
Phase Drift 7 (Gradual) 87.18% 94.79% 91.68%
3 Drift 8 (Gradual) 90.22% 97.49% 93.84%
Drift9  (Sudden) 87.95% 94.88% 91.81%
Total Loss in accuracy - Evaluation Point -1.88% -1.33% +5.74%

Table 21: Running the first committee against the nursery dataset

For the Nursery dataset, C4.5 is the most accurate member in the committee for all
phases. At the end of phase 1, BayesNet lost 2.01% and C4.5 lost 2.61% from their initial
accuracy while JRip lost 5.10% from its initial accuracy which is above the acceptable rage.
Therefore, JRip will be replaced by a new member which is SMO. At the end of phase 2,
BayesNet lost 4.86% whereas SMO’s accuracy went up by 1.46%. On the other hand, C4.5 lost
5.21% from its initial accuracy which is above the acceptable range. However, C4.5 will
continue to phase 3 because C4.5 is not the worst member performance. In phase 3, the accuracy
of SMO increases by 5.74% while C4.5 and BayesNet lost 1.33% and 1.88% from their initial

accuracy.

6.2.3 The results of the third dataset: Contact-Lenses dataset

Nine drift scenarios have been introduced to the contact-lenses dataset and are divided into four
phases. Five of these scenarios are sudden drifts while four of them are gradual drifts. Table 22

shows the results of performing the first committee on the Contact Lenses dataset.

The results in the above table show that C4.5 is the most accurate member in the
committee for all phases in the contact lenses dataset. The first evaluation point shows that the
accuracy of BayesNet and C4.5 increased by 1.39% from their initial accuracy while JRip’s
accuracy increased by 2.78% .At the end of phase 2, the accuracy of BayesNet and JRip increase
whereas the accuracy of C4.5 remains stable. In the last evaluation point, all members’ accuracy
has been increased. In this dataset, none of the members was replaced due to the stability and the

small size of the dataset.
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Drift Scenarios :

BayesNet C4.5 JRip
Drift 0  (Original) 70.83% 83.33% 75.00%
Phase Drift1  (Gradual) 70.83% 83.33% 75.00%
Drift2 (Sudden 75.00% 87.50% 79.17%

1
Drift3 (Gradual) 70.83% 83.33% 79.17%
Total Loss in accuracy - Evaluation Point 1.39% 1.39% 2.78%
Drift4 (Sudden 70.83% 83.33% 79.17%

Phase

2 Drift5 (Gradual) 70.83% 83.33% 79.17%
Drift 6 (Sudden) 79.17% 83.33% 83.33%
Total Loss in accuracy - Evaluation Point 2.78% 0.00% 5.56%
Phase Drift 7 (Sudden) 75.00% 87.50% 79.17%
Drift 8 (Gradual) 70.83% 87.50% 87.50%

3
Drift9 (Sudden) 75.00% 87.50% 79.17%
Total Loss in accuracy - Evaluation Point 2.78% 4.17% 6.95%

Table 22: Running the first committee against the contact-lenses dataset

6.2.4 The results of the fourth dataset: Iris Plants dataset

The fourth dataset in our experiment is the Iris Plants dataset. Twelve drift scenarios were
introduced into the Iris dataset as mentioned in Chapter 5. Half of these drift scenarios are
gradual and half are sudden. Table 23 suggests the results of performing the first committee

against Iris Plants dataset.

Drift Scenarios DCCD

BayesNet C4.5 JRip

Drift 0  (Original) 92.67% 96.00 % 94.00%

Drift1  (Gradual) 95.33% 95.33% 94.00%

Phase 1 Drift2  (Sudden) 95.33% 95.33% 94.67%
Drift3 (Gradual) 95.33% 95.33% 94.00%

Total Loss in accuracy - Evaluation Point 2.66% -0.67% 0.22%
Drift4 (Sudden) 95.33% 95.33% 94.00%

Phase 2 Drift5 (Gradual) 95.33% 95.33% 94.67%
Drift 6  (Sudden) 95.33% 95.33% 95.33%

Total Loss in accuracy - Evaluation Point 2.66% -0.67% 0.67%
Drift 7 (Sudden) 94.67% 94.67% 96.00 %

Phase 3 Drift 8 (Gradual) 94.00% 94.00% 94.67%
Drift9  (Sudden) 94.67% 94.67% 93.33%

Total Loss in accuracy - Evaluation Point 1.78% -1.55% 0.67%
Drift 10 (Gradual) 94.00% 94.00% 94.67%

Phase 4 Drift 11 (Gradual) 94.00% 94.00% 95.33%
Drift 12 (Sudden) 94.00% 94.00% 94.00%

Total Loss in accuracy - Evaluation Point 1.33% -2.00% 0.67%

Table 23: Running the first committee against the Iris dataset

In phase 1, C4.5 is the most accurate member. The first evaluation point shows that

C4.5 is the only member that lost from its initial accuracy by 0.67% whereas the accuracy of
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BayesNet and JRip increased. Therefore, all members are successfully handled concept drifts in
phase 1 and they will continue to the next phase. At the end of phase 2 and phase 3, the accuracy
of BayesNet and JRip increases while C4.5 lost 1.55%. In the last evaluation point, C4.5 lost
2.00% of its initial accuracy while the accuracy of BayesNet and JRip increased. Table 24

presents a summary of the performance of the first committee.

Car Evaluation Contact Lenses .
Dataset Nursery dataset Dataset Iris Plants Dataset

Drift 0 92.36% 97.05% 83.33% 96.00 %
Drift 1 89.93% 97.45 % 83.33% 95.33%
Drift 2 87.15% 90.52 % 87.50% 95.33%
Drift 3 90.39% 95.36% 83.33% 95.33%
Drift 4 86.17% 91.75% 83.33% 95.33%
Drift § 90.39% 92.59% 83.33% 95.33%
Drift 6 81.37% 91.17% 83.33% 95.33%
Drift 7 84.66% 94.79% 87.50% 96.00 %
Drift 8 86.92% 97.49% 87.50% 94.67%
Drift 9 83.04% 94.88% 87.50% 94.67%
Drift 10 87.61% 95.33%
Drift 11 89.40% 95.33%
Drift 12 85.65% 94.00%
Drift 13 89.29%

Drift 14 89.12%

Drift 15 86.28%

Table 24: Summary of results of the first committee

6.3 Results of the Second Committee

We present our results and the analysis of the second committee by running it on four datasets.
The second committee consists of three committee members: BayesNet, IBK, and C4.5. We
select IBK to measure its performance in terms of the accuracy on large datasets that are facing
concept drift. Furthermore, we want to examine the distances measures that IBK generate in
order to classify new instances. Moreover, we chose BayesNet to test its updater that allows
BayesNet to learn from new data samples. During any drift scenario, by inspection, the

acceptable range or accuracy threshold, in which the accuracy might decrease, is 5%.

6.3.1 The results of the first dataset: Car Evaluation dataset

Twelve drift scenarios have been introduced on the car evaluation dataset. Six of these drift

scenarios are gradual and six are sudden. Table 25 reveals the results of the second committee in
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details. Additionally, it points out when DCCD replaced one of the committee members after

drift 6.

DCCD
Drift Scenarios
BayesNet IBK C4.5
Drift 0  (Original) 85.71 % 93.52% 92.36%
Drift1 (Gradual) 84.78% 89.47% 89.93%
Phase 1 Drift 2 (Sudden) 84.84 % 85.07% 87.15%
Drift 3 (Gradual) 83.68% 89.35% 90.39%
Total Loss in accuracy - Evaluation Point -1.28% -4.36% -3.20%
Drift 4 (Sudden) 82.70% 83.97% 86.17%
Phase 2 Drift 5 (Gradual) 84.20% 90.17% 90.39%
Drift 6 (Sudden) 81.36% 76.04% 80.21%
Total Loss in accuracy - Evaluation Point -2.96% -9.06% -6.77%
R e 9 1 B h PAR Bave o PAR Vi
Drift 7  (Sudden) 83.68% 83.91 % 84.66%
Phase 3 Drift 8 (Gradual) 83.57% 89.35% 86.92%
Drift9  (Sudden) 82.06% 84.66% 83.04%
Total Loss in accuracy - Evaluation Point -2.61% 2.06% -3.20%
Drift 10  (Gradual) 82.29% 88.37% 86.23%
Phase 4 Drift 11  (Gradual) 84.66% 89.29 % 89.23%
Drift 12 (Sudden) 84.61% 84.61% 83.91%
Total Loss in accuracy - Evaluation Point -1.86% 3.51% -3.20%

Table 25: performing the second committee against the Car Evaluation dataset

IBK is the most accurate member in drift 0 while C4.5 is the most accurate member in
drifts 1, 2, and 3. At the end of phase 1, all members lost less than 5% which is in the acceptable
range for the loss in accuracy. Therefore, all members handled concept drifts successfully in
phase 1 and they will continue to the next phase. In phase 2, the most accurate member in drifts
5 and 6 is C4.5 while BayesNet is the most accurate member in drift 6. At the end of phase 2,
BayesNet loss 2.96% whereas C4.5 loss 6.77 and IBK loss 9.06% of their initial accuracy which
is above the acceptable range. According to the weight mechanism, the weight of C4.5 is 5
points while the weight of IBK and BayesNet is 1. Hence, C4.5 loss more than 5% of its initial
accuracy but it is not the worst member performance. Therefore, IBK will be replaced with a

new member which is PART while C4.5 will continue to the next phase.

C4.5 is the most accurate member in drift 6 while PART is the most accurate member in
drifts 7, and 8. At the end of phase 3, BayesNet loss 2.61% and C4.5 loss 3.20% of their initial
accuracy which stills in the acceptable range of lost in accuracy. On the other hand, the accuracy
of PART increased by 2.06% from its initial accuracy. Hence, all members are successfully

handled concept drifts in phase 3 and they will continue to the next phase. In phase 4, the most
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accurate member is PART for the entire phase. At the end of phase 4, BayesNet loss 1.86% and
C4.5 loss 3.20% of their initial accuracy while the accuracy of PART has increased by 3.51%.

6.3.2 The results of the second dataset: Nursery dataset

Table 26 provides the results of performing the second committee against the Nursery dataset.
There are nine drift scenarios applied to the Nursery dataset; they are divided as five gradual

drifts and four sudden drifts.

DCCD

Drift Scenarios
BayesNet IBK C4.5
Drift 0  (Original) 90.33% 98.06% 97.05%
Drift1 (Gradual) 98.91% 97.45% 97.45%
Phase 1 Drift2  (Sudden) 86.00% 85.60% 90.52%
Drift3 (Gradual) 94.69% 94.69% 95.36%
Total Loss in accuracy - Evaluation Point 2.74% -5.48% -2.61%

Repls o |B h D AR B 4 D AR A

Drift4  (Sudden) 85.49% 91.89% 91.78%
Phase 2 Drift 5 (Gradual) 87.05% 93.98% 92.59%
Drift 6  (Sudden) 83.86 % 91.54% 91.17%
Total Loss in accuracy - Evaluation Point -4.86% 0.58% -5.20%
Drift 7 (Gradual) 87.18% 96.17% 94.79%
Phase 3 Drift 8 (Gradual) 90.23% 99.20% 97.49%
Drift9  (Sudden) 87.95% 96.20% 94.88%
Total Loss in accuracy - Evaluation Point -1.88% +5.30% -1.33%

Table 26: Running the second committee against the Nursery dataset

The accuracy of drift 0, the original dataset, is 90.33% for BayesNet and 97.05% for
C4.5, whereas the most accurate member is IBK at 98.06%. Phase 1 begins at drift 1; the most
accurate member is BayesNet in this drift. The accuracy of BayesNet is 98.91%, which is an
increase from its initial accuracy by almost 9%. C4.5 is the most accurate member in drift 2 and
drift 3, whereas IBK and BayesNet lose some of their accuracy during drift 2 and drift 3. After
drift 3, DCCD starts the first evaluation point, which shows an increase in the average accuracy
for BayesNet, while the average accuracy for IBK and C4.5 decreases by 5.48% and 2.61%.
Moreover, DCCD forces IBK to retire and replaces it with a new member, which is PART. IBK
is forced to retire because it has lost more than 5% from its initial accuracy and it is the worst

member in terms of performance. The new committee becomes BayesNet, PART, and C4.5.

Drift 4 is the first drift in phase two, which shows that the highest accuracy is 91.89%
provided by the new member, PART. Also, PART is the most accurate member in drift 5 and
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drift 6. PART shows an acceptable performance in phase 2 compared to C4.5 and BayesNet.
C4.5 and BayesNet start to lose more of their accuracy during phase two. After drift 6, DCCD
starts its second evaluation point, which shows an average accuracy loss for BayesNet and C4.5,
while the average accuracy increases for PART of its initial accuracy. BayesNet loses 4.86% of
its initial accuracy, whereas C4.5 loses 5.20%. DCCD would not force C4.5 to retire because it
is not the worst member in terms of its performance. In addition, DCCD cannot force BayesNet
to retire because its average accuracy loss is less than 5%, although BayesNet is the worst
member in terms of performance. Therefore, all the committee members will continue to the
next phase. The last phase in this dataset is phase three, which consists of drift 7, 8, and 9. The

most accurate member in the entire phase is PART.

6.3.3 The results of the third dataset: Contact Lenses dataset

The contact-lenses dataset are divided into four phases which consist of twelve drift scenarios
that have been introduced to it. Table 27 shows the results of performing the first committee on

the Contact Lenses dataset.

. . DCCD
Drift Scenarios

BayesNet IBK C4.5

Drift 0  (Original) 70.83% 70.83% 83.33%

Drift1  (Gradual) 70.83% 70.83% 83.33%

Phase 1 Drift2  (Sudden) 75.00% 66.67% 87.50%
Drift3 (Gradual) 70.83% 75.00 % 83.33%

Total Loss in accuracy - Evaluation Point 1.39% 0.00% 1.39%
Drift4  (Sudden) 70.83% 75.00 % 83.33%

Phase 2 Drift 5 (Gradual) 70.83% 70.83% 83.33%
Drift 6 (Sudden) 79.17% 75.00 % 83.33%

Total Loss in accuracy - Evaluation Point 2.78% 2.78% 0.00%
Drift 7 (Gradual) 75.00% 66.67% 87.50%

Phase 3 Drift 8 (Gradual) 70.83% 62.50 % 87.50%
Drift9  (Sudden) 75.00% 66.67% 87.50%

Total Loss in accuracy - Evaluation Point 2.78% -5.55% 4.17%

Re ' 4 L : ' 4 : ! C C cl 4

Drift 10 (Gradual) 70.83% 79.17% 83.33%

Phase 4 Drift 11 (Gradual) 79.17% 75.00 % 83.33%
Drift 12 (Sudden) 79.17% 87.50 % 83.33%

Total Loss in accuracy - Evaluation Point 5.56% 1.39% 0.00%

Table 27: Running the second committee against the Contact Lenses dataset
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The most accurate member in phase 1, 2 and 3 is C4.5. At the end of phase 3, the
accuracy of BayesNet and C4.5 have increased while IBK loss more than 5% which is the
acceptable range for accuracy loss in addition to the lower weight that IBK has. Therefore,
DCCD forces IBK to retire and be replaced with a new member which is KStar. In drifts 10 and

11, the most accurate member is C4.5 whereas KStar is the most accurate member in drift 12.

6.3.4 The results of the fourth dataset: Iris Plants dataset

Table 28 presents the results of performing the second committee against fourth dataset. The
fourth dataset in our experiment is the Iris dataset. Twelve drift scenarios were introduced into it

as mentioned in Chapter 5. Half of these drift scenarios are gradual and half are sudden.

Drift Scenarios
BayesNet IBK C4.5
Drift 0  (Original) 92.67% 95.33% 96.00 %
Drift1  (Gradual) 93.33% 95.33% 95.33%
Phase 1 Drift2  (Sudden) 93.33% 96.00 % 95.33%
Drift3 (Gradual) 93.33% 95.33% 95.33%
Total Loss in accuracy - Evaluation Point 0.66% 0.22% -0.67%
Drift4  (Sudden) 94.67% 95.33% 95.33%
Phase 2 Drift5  (Gradual) 94.00 % 96.00 % 95.33%
Drift6  (Sudden) 94.67% 95.33% 95.33%
Total Loss in accuracy - Evaluation Point 1.78% 0.22% -0.67%
Drift 7  (Sudden) 92.67% 95.33% 94.67%
Phase 3 Drift8 (Gradual) 94.00 % 95.33% 94.00%
Drift9  (Sudden) 94.00 % 94.67% 94.67%
Total Loss in accuracy - Evaluation Point 0.89% -0.22% -1.55%
Drift 10 (Gradual) 89.33% 96.00 % 94.00%
Phase 4 Drift 11 (Gradual) 92.67% 96.00 % 94.00%
Drift 12 (Sudden) 92.67% 98.00 % 94.00%
Total Loss in accuracy - Evaluation Point -1.11% 1.34% -2.00%

Table 28: Running the second committee against the Iris Plants dataset

In Drift 0, 1, and 3, C4.5 is the most accurate member whereas IBK is the most accurate
member in drift 2. The first evaluation point shows that C4.5 is the only member that has lost
0.67% of its initial accuracy whereas the accuracy of BayesNet and IBK has increased.
Therefore, all members are handled concept drifts successfully in phase 1 and they will continue
to the next phase. In phase 2, C4.5 is the most accurate member in drift 4 while IBK is the most

accurate member in drift 5 and drift 6. The second evaluation point shows that C4.5 is the only
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member that has lost from its initial accuracy by 0.67% whereas the accuracy of BayesNet and

IBK has increased. Therefore, all members will continue to the next phase.

IBK is the most accurate member in drift 7 and drift 8 while C4.5 is the most accurate
member in drift 9. The third evaluation point shows that all members will continue to the next
phase because none of them lost more than 5% of its initial accuracy. In phase 4, IBK is the
most accurate member in the entire phase. Table 29 presents a summary of the second

committee’s performance.

Car Evaluation Nursery dataset Contact Lenses Iris Plants Dataset
dataset Dataset
Drift 0 93.52% 98.06% 83.33% 96.00 %
Drift 1 89.93% 98.91% 83.33% 95.33%
Drift 2 87.15% 90.52% 87.50% 96.00 %
Drift 3 90.39% 95.36% 83.33% 95.33%
Drift 4 86.17% 91.89% 83.33% 95.33%
Drift 5 90.97% 93.98% 83.33% 96.00%
Drift 6 81.36% 91.54% 83.33% 95.33%
Drift 7 84.66% 96.17% 87.50% 95.33%
Drift 8 89.35% 99.20% 87.50% 95.33%
Drift 9 84.66% 96.20% 87.50% 94.67%
Drift 10 88.37% 83.33% 96.00%
Drift 11 89.29% 83.33% 96.00%
Drift 12 84.61% 87.50% 98.00%

Table 29: summary of the second committee results

6.4  Results Analysis of the Third Committee

BayesNet, IBK, and JRip are the members of the third committee. In this section, we present our
analysis of the results of the third committee. These members are chosen based on several
reasons. One of the reasons is to measure the performance of JRip compared to C4.5 that was
used in the second committee. Moreover, recalling from Chapter 3, C4.5 does not scale very

well on large training sets while JRip scale very well on large training sets.

-03 -



6.4.1 The results of the first dataset: Car Evaluation Dataset

Recalling from Chapter 5, there are fifteen drift scenarios introduced to the car evaluation
dataset. Seven of these drift scenarios are gradual and eight of these drifts are sudden. Table 30
provides the results of the first committee in details. Likewise, it points out where DCCD

replaced one of the committee members.

Drift Scenarios

BayesNet IBK JRip
Drift 0  (Original) 85.71% 93.52% 86.69%
Drift1  (Gradual) 84.78% 89.58% 84.09%

Phase -
1 Drift2  (Sudden) 84.84% 89.18% 82.64%
Drift3 (Gradual) 83.68% 90.39% 85.59%
Total Loss in accuracy - Evaluation Point -1.28% -3.80% -2.58%
Drift4  (Sudden) 82.70% 83.97% 83.22%

Phase -
2 DriftS  (Gradual) 84.20% 90.97% 86.46%
Drift 6 (Sudden) 81.37% 76.04% 76.45%
Total Loss in accuracy - Evaluation Point -2.95% -9.86% -4.65%
Drift 7  (Sudden) 83.68% 81.60% 81.60%

Phase ;
3 Drift 8  (Gradual) 83.56% 86.52% 81.48%
Drift 9 (Sudden) 82.06% 82.58 % 80.56%
Total Loss in accuracy - Evaluation Point -2.61% -9.95% -5.48%
Repla o JRip b 9 BayesNe 3 0
Drift 10  (Gradual) 82.29% 84.90% 87.62%

Phase - . - "

4 Drift 11  (Gradual) 84.66% 86.81% 89.41%
Drift 12 (Sudden) 84.61% 82.23% 85.65%
Total Loss in accuracy - Evaluation Point -1.86% -8.87% -0.06%
Drift 13 (Sudden) 86.05% 88.89% 87.21%

Phase -
5 Drift 14  (Gradual) 84.95% 88.31% 89.12%
Drift 15 (Gradual) 82.58% 82.64% 86.29%
Total Loss in accuracy - Evaluation Point -1.18% -6.91% 0.33%

Table 30: Running the third committee against the Car Evaluation dataset

From drift 0 to drift 5, the most accurate classifier is IBK whereas BayesNet is the most
accurate classifiers in drift 6. At the second evaluation point, IBK lost 9.86% of its initial
accuracy which is more than the acceptable range for losing accuracy. However, DCCD will not
force IBK to retire due to the high weight that IBK has in this committee. Based on DCCD
weighting mechanism, IBK has weighting points more than JRip and BayesNet. Hence, IBK is
not the worst member performance even though it has lost more than 5% of its initial accuracy.

Therefore, all the committee members will continue to the phase 3.

BayesNet is the most accurate member among the members of the third committee in

drift 7 but IBK is the most accurate member in drift 8 and drift 9. At the end of phase 3, an
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evaluation point takes place which shows that BayesNet lost 2.61% of its initial accuracy.
Moreover, IBK and JRip have lost more than 5% of their initial accuracy. However, the weight

of IBK is higher than JRip; therefore, DCCD replaces JRip with a new member which is SMO.

The most accurate classifier in phase 4 is SMO. At the end of phase 4, an evaluation
point takes place which shows that IBK is the only member that lost more than 5% of its initial
accuracy. Based on the weighting mechanism, the weight of IBK is 8 points while the weight of
SMO is 3 points and the weight of BayesNet is 1 point. Hence, DCCD will not force IBK to
retire because it is not the worst member performance; therefore, all members will continue to
phase 5. In drift 13, the most accurate member is IBK while SMO is the most accurate member

in drift 14 and drift 15.

6.4.2 The results of the second dataset: Nursery dataset

Nine drift scenarios were introduced into the Nursery dataset as we discussed in Chapter 5. The
drift scenarios were divided into five gradual drifts and four sudden drifts. Table 31 indicates the

results of running the second committee against the Nursery dataset.

DCCD
Drift Scenarios
BayesNet IBK JRip
Drift 0  (Original) 90.33% 98.06% 96.98 %
Drift 1 (Gradual) 90.76% 98.20% 97.28 %
Phase 1 Drift2  (Sudden) 86.00% 90.36% 85.72%
Drift 3 (Gradual) 88.23% 95.46% 92.65%
Average Loss in accuracy - Evaluation Point -2.00% -3.39% -5.10%
Repla g JRip 4 B2 B 4
Drift4  (Sudden) 85.49% 91.74% 91.78%
Phase 2 Drift 5 (Gradual) 87.05% 92.90% 92.59%
Drift 6  (Sudden) 83.86 % 89.11% 91.17%
Average Loss in accuracy - Evaluation Point -4.86% -6.81% 0.07%
Drift 7 (Gradual) 87.18% 93.90% 94.79%
Phase 3 Drift 8 (Gradual) 90.22% 97.82% 97.49%
Drift 9 (Sudden) 94.88% 97.82% 94.88%
Average Loss in accuracy - Evaluation Point 0.43% 1.02% 0.93%

Table 31: Running the third committee against the Nursery dataset

In phase 1, IBK is the most accurate member in the committee. The first evaluation
point shows that JRip has lost more than 5% from its initial accuracy and its weight is 0 point.
Therefore, JRip is the worst member performance and will be replaced with C4.5. In phase 2,

C4.5 is the most accurate member in drift 4 and drift 6 while IBK is the most accurate member
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in drift 5. The second evaluation point shows that IBK has lost more than 5% of its initial
accuracy but it has more weight than BayesNet and C4.5. Therefore, IBK will continue to the
next phase because it is not the worst member performance. In phase 4, IBK is the most accurate
member in the committee in the entire phase. The last evaluation point shows that all members’

accuracy has increased.

6.4.3 The results of the third dataset: Contact Lenses dataset

Table 32 presents the DCCD results for the third committee, which consists of BayesNet, IBK,
and JRip. This committee is performed on the Contact-Lenses dataset. We introduced twelve
concept drift scenarios; half are gradual drifts and the other half are sudden drifts. Moreover,
DCCD forces IBK to retire and adds C4.5 instead, which results in an improvement of the

committee’s performance.

D
Drift Scenarios cCcD
BayesNet IBK JRip
Drift 0  (Original) 70.83% 70.83% 75.00 %
Drift 1  (Gradual) 70.83% 70.83% 75.00 %
Phase 1 Drift2  (Sudden) 75.00 % 66.67% 79.17%
Drift 3 (Gradual) 70.83% 75.00 % 79.17%
Total Loss in accuracy - Evaluation Point 1.39% 0.00% 2.78%
Drift4 (Sudden) 70.83% 75.00 % 79.17%
Phase 2 Drift 5 (Gradual) 79.17% 70.83% 79.17%
Drift 6  (Sudden) 83.33% 87.50% 83.33%
Total Loss in accuracy - Evaluation Point 6.95% 6.95% 5.56%
Drift7  (Sudden) 75.00 % 66.67% 79.17%
Phase 3 Drift8  (Gradual) 70.83% 62.50 % 87.50%
Drift9  (Sudden) 75.00 % 66.67% 79.17%
Total Loss in accuracy - Evaluation Point 2.78% -5.55% 6.95%
Replacing IBK by C4.5 BayesNet | C4.5 JRip
Drift 10  (Gradual) 70.83% 83.33% 75.00%
Phase 4 Drift 11  (Gradual) 79.17% 83.33% 83.33%
Drift 12 (Sudden) 79.17% 83.33% 79.17%
Total Loss in accuracy - Evaluation Point 5.56% 0.00% 4.17%

Table 32: Running the third committee against the Contact Lenses dataset

The accuracy for drift 0 is 70.83% for BayesNet and 70.83% for IBK, while the most
accurate member is JRip, at 75.00%. JRip continues to be the most accurate member in the
entire phase 1. After drift 3, DCCD starts the first evaluation point, which shows that all
members will continue to the next phase. In drift 4, JRip is still the most accurate member in the
committee; however, JRip and BayesNet are the most accurate members in drift 5. However,

IBK becomes the most accurate member in drift 6. Then, DCCD starts the second evaluation
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point, which shows an increase in all members’ accuracy compared to their initial accuracy.

Therefore, BayesNet, IBK, and JRip will continue to the next phase.

Phase three begins at drift 7, which shows from the table above that JRip, again, is the most
accurate classifier in addition to drift 8. Moreover, JRip is still the most accurate member in drift
9. Whereas, IBK loses more than 5% of its initial accuracy; therefore, DCCD forces IBK to
retire and replaces it with C4.5 in the next phase. In phase four, the committee becomes
BayesNet, C4.5, and JRip. This replacement in the committee makes C4.5, the new member,
becomes the most accurate member in the committee in drift 10. The accuracy of C4.5 is
83.33% in drift 10; moreover, the accuracy of C4.5 remains the same and continues to be the
most accurate member in drift 11 in addition to JRip. C4.5 is also the most accurate classifier in
drift 12 while JRip loses almost 4% of its previous accuracy in drift 12. At the end, C4.5

increases the overall accuracy of DCCD.

6.4.4 The results of the fourth dataset: Iris Plants

Table 33 provides the results of performing the third committee against the Iris dataset. There
are twelve drift scenarios that have been introduced to the Iris dataset. Six of these drift

scenarios are gradual and six scenarios are sudden.

DCCD
Drift Scenarios

BayesNet IBK JRip

Drift 0  (Original) 92.67% 95.33% 94.00%

Drift1  (Gradual) 93.33% 95.33% 94.00%

Phase 1 Drift2  (Sudden) 93.33% 96.00% 94.67%
Drift3 (Gradual) 93.33% 95.33% 94.00%

Total Loss in accuracy - Evaluation Point 0.66% 0.22% 0.22%
Drift4 (Sudden) 94.67% 95.33% 94.00%

Phase 2 Drift5 (Gradual) 94.00% 96.00% 94.67%
Drift 6 (Sudden) 94.67% 95.33% 95.33%

Total Loss in accuracy - Evaluation Point 1.78% 0.22% 0.67%
Drift 7 (Sudden) 92.67% 95.33% 96.00%

Phase 3 Drift 8  (Gradual) 94.00% 95.33% 94.67%
Drift9  (Sudden) 94.00% 94.67% 93.33%

Total Loss in accuracy - Evaluation Point 0.89% -0.22% 0.67%
Drift 10  (Gradual) 89.33% 96.00% 94.67%

Phase 4 Drift 11 (Gradual) 92.67% 96.00% 95.33%
Drift 12 (Sudden) 92.67% 98.00% 94.00%

Total Loss in accuracy - Evaluation Point -1.11% 1.34% 0.67%

Table 33: Running the third committee against the Iris Plants dataset
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IBK is the most accurate member in phase 1 and phase 2. In phase 3, JRip is the most
accurate member in drift 7 whereas IBK is the most accurate member in drift 8 and drift 9. In
phase 4, IBK is the most accurate member in the entire phase. In this dataset, DCCD did not
replace any member because all members maintained their loss in accuracy above the acceptable
range which is 5%. Table 34 summarizes the results of the third committee which performed on

the same four datasets.

Car Evaluation Nursery dataset Contact Lenses Iris Plants Dataset
Dataset Dataset

Drift 0 93.52% 98.06% 75.00 % 95.33%
Drift 1 89.58% 98.20% 75.00 % 95.33%
Drift 2 89.18% 90.36% 79.17% 96.00%
Drift 3 90.39% 95.46% 79.17% 95.33%
Drift 4 83.97% 91.78% 79.17% 95.33%
Drift § 90.97% 92.90% 79.17% 96.00%
Drift 6 8137% 91.17% 87.50% 95.33%
Drift 7 83.68% 94.79% 79.17% 96.00%
Drift 8 86.56% 97.82% 87.50% 95.33%
Drift 9 82.58% 97.88% 79.17% 94.67%
Drift 10 87.62% 83.33% 96.00%
Drift 11 89.41% 83.33% 96.00%
Drift 12 85.65% 83.33% 98.00%
Drift 13 88.89%

Drift 14 89.12%

Drift 15 86.29%

Table 34: summary of the third committee results

6.5 Results Analysis of the Fourth Committee

The fourth committee includes three members which are C4.5, SMO, and BayesNet. In this
section, we present our analysis of the results of fourth committee. The committee’s members
are selected based on the popularity and diversity of these classifiers. Additionally, we intend to
compare between C4.5, SMO, and BayesNet to measure their reaction to concept drifts.

Moreover, we want to measure the performance of SMO on different sizes of datasets.
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6.5.1 The results of the first dataset: Car Evaluation dataset

Fifteen drift scenarios were introduced into the car evaluation dataset as mentioned in Chapter 5.
Seven of these drift scenarios are gradual and the rest are sudden. Table 35 shows the results of
the fourth committee in details. Furthermore, it displays where DCCD replaced one of the

committee members.

DCCD
Drift Scenarios
C4.5 SMO BayesNet
Drift 0  (Original) 92.36% 93.75 % 85.71%
Drift1  (Gradual) 89.93% 91.44% 84.78%
Phase 1 Drift2  (Sudden) 87.15% 89.76% 84.84%
Drift3  (Gradual) 90.39% 89.93% 83.68%
Total Loss in accuracy - Evaluation Point -3.20% -3.37% -1.28%
Drift4 (Sudden) 86.17% 89.41% 82.70%
Phase 2 Drift 5 (Gradual) 90.39% 91.38% 84.20%
Drift 6 (Sudden) 80.21% 81.89% 81.90%
Total Loss in accuracy - Evaluation Point -6.77% -6.19% -2.78%
Replacing C4.5 by PAR 0 BayesNe
Drift7  (Sudden) 83.91% 85.01% 83.68%
Phase 3 Drift 8 (Gradual) 89.35% 87.96% 83.56%
Drift9  (Sudden) 84.66% 83.80% 82.06%
Total Loss in accuracy - Evaluation Point 2.06% -8.16% -2.61%
Drift 10 (Gradual) 88.37% 87.62% 82.29%
Phase 4 Drift 11 (Gradual) 89.29% 89.41% 84.66%
Drift 12 (Sudden) 84.61% 85.65% 84.61%
Total Loss in accuracy - Evaluation Point -4.94% -6.19% -1.86%
Drift 13  (Sudden) 88.19% 87.21% 86.05%
Phase 5 Drift 14 (Gradual) 91.15% 89.12% 84.95%
Drift 15 (Gradual) 85.30% 86.29% 82.58%
Total Loss in accuracy - Evaluation Point -4.15% -6.21% -1.18%

Table 35: Running the fourth committee against the Car Evaluation dataset

SMO is the most accurate member in drift 0, drift 1, and drift 3 whereas C4.5 is the
most accurate member in drift 3. In phase 2, SMO is the most accurate member in drift 4 and
drift 5 whereas BayesNet is the most accurate member in drift 6. The second evaluation point
shows that C4.5 and SMO have lost more than 5% of their initial accuracy. According to the
weighting mechanism, SMO’s weight is 5 points while C4.5 and BayesNet weight is 1 point.
Therefore, DCCD forces C4.5 to retire and then adds a new member which is PART. In phase 3,
PART is the most accurate member in drift 8 and 9 while SMO is the most accurate member in
drift 7. The third evaluation point shows that SMO has lost more than 5% of its initial accuracy.
However, DCCD will not force SMO to retire even though its lost is more than the acceptable

range because SMO has the highest weight in the committee.
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In phase 4, PART is the most accurate member in drift 10 while SMO is the most
accurate in drift 11 and drift 12. The fourth evaluation points shows that only SMO has lost
more than 5% of its initial accuracy but SMO still has the highest weight in the committee.
Therefore, all members will continue to the next phase. In phase 5, PART is the most accurate

member in drift 13 and drift 14. In drift 15, SMO is most accurate member in the committee.

6.5.2 The results of the second dataset: Nursery dataset

Five gradual drifts and four sudden drifts were introduced into the Nursery dataset. In Table 36
we present the results of running the fourth committee against the Nursery dataset. Furthermore,

Table 36 points out where DCCD replaced one of the committee members.

DCCD
Drift Scenarios
C4.5 SMO BayesNet
Drift 0  (Original) 97.05% 93.13% 90.33%
Drift 1 (Gradual) 97.45 % 93.10% 90.76%
Phase 1 Drift2  (Sudden) 90.52 % 88.23 % 85.99%
Drift 3 (Gradual) 95.36% 91.98 % 88.22%
Total Loss in accuracy - Evaluation Point -3.20% -3.37% -1.28%
Drift4  (Sudden) 91.78% 86.70% 85.49%
Phase 2 Drift 5 (Gradual) 92.59% 89.78 % 87.05%
Drift 6 (Sudden) 91.17% 88.02% 83.86 %
Total Loss in accuracy - Evaluation Point -6.77% -6.19% -2.78%
Rep o O by PAR 4 PAR B2
Drift 7 (Gradual) 94.79% 96.17% 90.22%
Phase 3 Drift 8 (Gradual) 97.49% 99.20% 87.95%
Drift9  (Sudden) 94.88% 96.20% 90.33%
Total Loss in accuracy - Evaluation Point -1.33% 1.02% -0.83%

Table 36: Running the fourth committee against the Nursery dataset

In the fourth committee, C4.5 is the most accurate member in entire phasel and phase 2.
However, the second evaluation point shows that C4.5 and SMO have lost more than 5% of their
initial accuracy. DCCD replaces SMO with a new member which is PART because it has lost
more than 5% and it is the worst member performance. Replacing SMO by PART increases the

committee’s accuracy.
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6.5.3 The results of the third dataset: Contact Lenses dataset

The fourth committee also performed on the Contact-Lenses dataset. Table 37 presents the
DCCD results for the fourth committee, which consists of C4.5, SMO, and BayesNet. We have
introduced twelve concept drift scenarios; half are gradual drifts and the other half are sudden

drifts.

DCCD
Drift Scenarios
C4.5 SMO BayesNet

Drift 0  (Original) 83.33% 70.83% 70.83%

Drift1  (Gradual) 83.33% 70.83% 70.83%
Phase 1 Drift2  (Sudden) 87.50% 58.33% 75.00 %
Drift3  (Gradual) 83.33% 70.83% 70.83%

Total Loss in accuracy - Evaluation Point 1.39% -4.17% 1.39%
Drift4 (Sudden) 83.33% 66.67% 70.83%

Phase 2 Drift 5 (Gradual) 83.33% 70.83% 79.17%
Drift 6 (Sudden) 83.33% 66.67% 83.33%

Total Loss in accuracy - Evaluation Point 0.00% -2.77% 6.95%
Drift 7 (Sudden) 87.50% 58.33% 75.00 %

Phase 3 Drift 8 (Gradual) 87.50% 70.83% 70.83%
Drift9  (Sudden) 87.50% 58.33% 75.00%

Total Loss in accuracy - Evaluation Point 4.17% -8.33% 2.78%
Drift 10  (Gradual) 87.50% 83.33% 70.83%

Phase 4 Drift 11  (Gradual) 87.50% 83.33% 79.17%
Drift 12 (Sudden) 87.50% 83.33% 79.17%

Total Loss in accuracy - Evaluation Point 4.17% 0.00% 5.56%

Table 37: Running the fourth committee against the Contact Lenses dataset

C4.5 is the most accurate member in phase 1, phase 2, and phase 3. The first three
evaluation points show that the accuracy of C4.5 and BayesNet increases over time while the
accuracy of SMO decreases over time. However, the third evaluation point shows that SMO has
lost more than 5% of its initial accuracy in addition to its low weight. Therefore, DCCD forces
SMO to retire and adds a new member to the committee which is PART. In phase 4, C4.5

remains the most accurate member in the committee for the entire phase.

6.5.4 The results of the fourth dataset: Iris Plants dataset

This committee is applied to the Iris Plants dataset. There are six gradual drifts and six sudden
drifts that have been applied to this datasets. DCCD divides these twelve drifts into four phases.
However, DCCD does not replace any of its members on this dataset because none of the

conditions that DCCD considers appear. Table 38 presents the results of the fourth committee on
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the Iris dataset. Moreover, by inspection, during any drift scenario, the acceptable range that the

accuracy might drop or increase to is 5%.

The accuracy of drift O in the Iris Plants dataset is 96.00% for C4.5 and SMO, which
makes them the most accurate members in the fourth committee. In phase 1, the most accurate
member is SMO for the entire phase. The first evaluation point shows that the accuracy of SMO
and BayesNet increased slightly whereas the accuracy of C4.5 decreases. C4.5 remains the most

accurate member in the committee for the entire phase 2.

DCCD
Drift Scenarios
C4.5 SMO BayesNet
Drift 0  (Original) 96.00% 96.00 % 92.67%
Phase Drift1  (Gradual) 95.33% 96.67% 93.33%
Drift2 (Sudden) 95.33% 96.67% 93.33%
1 Drift3 (Gradual) 95.33% 96.00% 93.33%
Total Loss in accuracy - Evaluation Point -0.67% 0.45% 0.66%
Phase Drift4 (Sudden) 95.33% 96.00% 94.67%
Drift5 (Gradual) 95.33% 96.00% 94.00%
2 Drift 6  (Sudden) 95.33% 96.00% 94.67%
Total Loss in accuracy - Evaluation Point -0.67% 0.00% 1.78%
Ph Drift7 (Sudden) 94.67% 93.33% 92.67%
ase Drift8 (Gradual) 94.00% 96.00% 94.00 %
3 Drift9  (Sudden) 94.67% 95.33% 94.00 %
Total Loss in accuracy - Evaluation Point -1.55% -1.11% 0.89%
Ph Drift 10 (Gradual) 94.00% 95.33% 89.33%
ase Drift 11  (Gradual) 94.00% 95.33% 92.67%
4 Drift 12 (Sudden) 94.00% 94.00% 92.67%
Total Loss in accuracy - Evaluation Point -2.00% -1.11% -1.11%

Table 38: Applying DCCD against the Iris Plants dataset

In phase three, C4.5 becomes the most accurate member in drift 7 while SMO is the
most accurate member in drift 8 and drift 9. The third evaluation point shows that SMO starts
losing of its initial accuracy. Phase 4 shows that SMO is the most accurate member in drift 10
and drift 11. In drift 12, C4.5 and SMO are the most accurate members in the committee.
Finally, Table 39 summarizes the results of performing the fourth committee against the

previously discussed datasets.
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Car Evaluation Nursery dataset Contact Lenses Iris Plants

Dataset Dataset Dataset
Drift 0 93.75 % 97.05% 83.33% 96.00 %
Drift 1 91.44% 97.45 % 83.33% 96.67%
Drift 2 89.76% 90.52 % 87.50% 96.67%
Drift 3 90.39% 95.36% 83.33% 96.00 %
Drift 4 89.41% 91.78% 83.33% 96.00 %
Drift 5 91.38% 92.59% 83.33% 96.00 %
Drift 6 81.90% 91.17% 83.33% 96.00 %
Drift 7 85.01% 96.17% 87.50 % 94.67%
Drift 8 89.35% 99.20% 87.50 % 96.00 %
Drift 9 84.66% 96.20% 87.50 % 95.33%
Drift 10 88.37% 87.50 % 95.33%
Drift 11 89.41% 87.50 % 95.33%
Drift 12 85.65% 87.50 % 94.00%
Drift 13 88.19%
Drift 14 91.15%
Drift 15 86.29%

Table 39: Summary of the fourth committee results

6.6 Discussion

In this section, we discuss our experimental results as obtained by the DCCD algorithm when
constructing a variety of committees on four different datasets. Table 40 presents an evaluation
of the classifiers that we used in the committees, followed by our analysis. We rate the
committee members based on their accuracy using four score levels. When a classifier obtains
Excellent that means this classifier is always the most accurate classifier in a committee or there
is no significant difference when compared to the most accurate members. Moreover, if a
classifier that obtains Very-Good it implies that the classifier has a competitive performance
with the best classifier in a committee. Furthermore, if a classifier never becomes the best
classifier in a committee, but its performance is comparable with the most accurate classifier in a
committee, this classifier is rated as Good. Finally, when a classifier obtains a rating of
Acceptable, it means that the classifier usually do not perform that well and often has to be

replaced by a new classifier.
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Car Evaluation dataset Nursery dataset Contact lenses dataset Iris dataset

(Medium size) (Large size) (Very small size) (Small size)

Gradual Sudden Gradual | Sudden | Gradual Sudden | Gradual | Sudden
C4.5 Excellent Excellent Excellent V-good Excellent Excellent Excellent | Excellent

JRip Acceptable | Acceptable | Acceptable | Acceptable | Excellent Excellent V-good V-good

BayesNet Acceptable | Acceptable | Acceptable | Acceptable | Acceptable | Acceptable V-good V-good

PART V-Good V-Good Excellent Excellent V-good V-good
| Kstar | | cccpable | Acccptabe

IBK V-Good Acceptable V-Good Acceptable | Acceptable | Acceptable | Excellent | Excellent

SMO V-Good V-Good Acceptable | Acceptable | Acceptable | Acceptable | Excellent | Excellent

Table 40: Performance evaluation of the committees’ members

Based on Table 40, C4.5 is the best classifier that handles concept drift on all datasets
sizes that we used in this study. Recall from section 3.1.1, C4.5 uses the attribute evaluation
measure to rate the value of an attribute for predicting the class attribute in order to select the
root node. Also, recall that concept drift is often caused by a change in the data distribution,
which might lead to a change in the attribute’s rating. This explains the high performance that

C4.5 obtained in our experiment.

JRip has an acceptable performance on large and medium datasets while its performance
on small datasets is excellent. The reason why JRip has only an acceptable performance on large
and medium datasets is that it requires a large investment, in terms of time, to build the model
and to evaluate the feature set. In addition, highly accurate results can only be achieved by
running the algorithm many times. JRip performs excellent on small datasets, because it uses
propositional rule learner to ensure that errors are minimal. Also, the phase-by-phase
implementation of the algorithm ensures that the overall results are as high as possible. During
the rule set growing phase, the condition with the highest information gain is picked to ensure

that the rule set is correct.

The performance of BayesNet is acceptable on all datasets sizes except for small
datasets, which is satisfactory in general. BayesNet has an updater that enables the classifier to
learn from new data samples; this explains the satisfactory performance. However, BayesNet is
limited to datasets that have a few variables. Also, BayesNet requires an expert to give domain

information for the creation of the network.

The performance of PART is excellent on almost all datasets sizes, which make it
comparable to C4.5. The reason behind this excellent performance is PART that it is able to

determine concept drift, by using the divide and conquers methodology, in conjunction with
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decision trees. Moreover, PART avoids the over-pruning problem of the basic separate and

conquer rule learner.

In gradual concept drifts, IBK performs well on medium and large datasets. Recalls
from section 3.6 that IBK assumes that similar instances usually have similar classification.
Therefore, IBK classifies instances by comparing them to other pre-classified examples using a
distance measures for all the recorded attributes. This mechanism provides to IBK a number of
chances to classify the new instances correctly because large datasets provide a large number of
pre-classified that will be used to classify the new instances. In contrast, IBK and KStar, the
only dataset that KStar ran against, performed acceptably on the very small dataset. Recalls
from section 3.2 that KStar also assumes that similar instances usually have similar
classification. This means that small datasets that provide a small number of pre-classified could
be used. Hence, IBK and KStar do not perform very well on small datasets, except for the
dataset that has high harmonious values such as the Iris dataset. Moreover, IBK performs
acceptably in the presence of sudden concept drifts regardless of the datasets size. The sudden
concept drift is caused by a radical change in the dataset distribution. This makes the generated
distance measures that were legitimate before the presence of sudden concept drifts, illegitimate

after.

Lastly, SMO performs well on medium and small datasets while its performance on
large and very small datasets is acceptable. SMO does not depend on the size of the dataset, but
based on its complexity. Here, the complexity in a dataset includes missing data, the number of
altitudes, and the number of target classes. SMO works to ensure that the problems are broken
down into the smallest problems, which give SMO the ability to preforms well in most of the

large problems.

In summary, the main benefit of the DCCD algorithm is that it detects when to replace
bad performing members in the committee by a new member, which increases the accuracy over
time more effectively than the regular algorithms. To evaluate our algorithm, DCCD is given
sequence of drift scenarios; these sequences are divided by the number of phases. At the end of
each phase, an evaluation point will take place to determine whether a member needs to be
replaced or not. The member that causes the most decrease in the accuracy will be considered

the worst member in terms of performance and therefore will be moved to the blacklist.
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6.7 Summary

In this chapter, we evaluated the performance of the DCCD algorithm when sequences of
gradual and sudden concept drifts occur. We studied the effectiveness of DCCD by running four
committees on benchmark datasets. Furthermore, we measured the reaction of the classifiers, as
overviewed in chapter 3, in terms of handling gradual and sudden concept drifts. We provided
an evaluation for the classifiers that we used in the committees in term of how well they handle
concept drift. Our evaluation suggests that, for the datasets used, the C4.5 decision tree learner
performs best against all data set sizes. Chapter 7 provides the results of a comparative
experiment performed on the DCCD by comparing it to the state-of-the-art MultiScheme

algorithm.
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CHAPTER SEVEN
COMPARATIVE EVALUATION

This chapter presents our comparative evaluation between our algorithm (DCCD) and the
MultiScheme algorithm. MultiScheme is an ensemble learning approach which is implemented
in WEKA and has similar mechanisms to DCCD. The comparison between DCCD and
MultiScheme is performed by running them on sequences of gradual and sudden concept drifts.
DCCD and MultiScheme enable users to train several of base classifiers and then select the best

classifier among them.

7.1  MultiScheme Algorithm

Len Trigg [26] introduced the MultiScheme algorithm, which implements a committee of
learning classifiers, in 1999. MultiScheme uses a cross validation mechanism to select the best
classifier among a set of diverse classifiers. In the classification, the percentage correctly
classified examples is used as the performance measurement. MultiScheme trains the selected
classifiers one-by-one by the same training set and sets them by the same testing set. The main
idea behind this is to ensure that the performance of the selected classifiers is measured fairly

[26].

MultiScheme creates a fixed size array to work as a list of classifiers, as shown in
Figure 25. The created array includes the names of the selected classifiers followed by the

scheme options. Moreover, the array will be useless without diverse classifiers as will be

- 108 -



discussed in the example in this section. MultiScheme assumes that the first classifier in the
array is the best classifier unless another classifier has a lower error rate. If the new classifier has

a lower error rate, MultiScheme considers the new classifier as the best classifier [26].

MultiScheme Algorithm

Input:
. Dataset;, The selected dataset;
u ErrorRate; The error percentage of the current classifier for classification
. ClassifiersList Classifiers to choose from (default =="null”);
u BestClassifier, The name that has the least error percentage (default =="null”);
n BestPerformance,  The error percentage of the BestClassifier (default =="null”);
u X, Number of folds (default 0, is to use training error);
. S, Random number seed (default==1);
n B, Classifier specification (the names of the selected classifiers followed by the scheme
options. default: "ZeroR”);
u D, Random number seed (default==1);

Output: Selecting the classifier that had the best performance on training data among various classifiers, using
cross validation on the training data or the performance on the training data. Performance is measured based on
percent correct (classification) or mean-squared error (regression).

Method:
(1) Add Dataset;,
(2) Create ClassifiersList;
(3) Add classifiers into the ClassifiersList;
(4) SetX, S, B, and D;
(5) Prepare Dataset; (if we used 10 cross validation, MS selects 9 folds for training and 1 for testing )

(6) While the ClassifiersList has untrained classifier do
{

(7) Select a classifier from the ClassifiersList,
(8) Train the current classifier by the same training set ,
(9) Calculate the ErrorRate of the current classifier,

ErrorRate = The error percentage of the current classifier for classification

(10) If (ErrorRate of current classifier < BestPerformance)

{

(11) BestPerformance == ErrorRate of the current classifier,
(12) BestClassifier == current classifier,

{

(13) EndIF;

}

(14) End while;
(15) Return BestPerformance and BestClassifier;

Figure 25: MultiScheme Algorithm (Classification) [26]
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MultiScheme Algorithm (MS)
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Figure 26: MultiScheme architecture

For example, suppose we performed the MultiScheme algorithm against the Car
Evaluation dataset. Also, suppose we selected three diverse classifiers, namely BayesNet, C4.5,
and JRip. MultiScheme creates a fixed size array to work as a list of the selected classifiers, used
to choose the classifier that had the best performance on training data. The performance is
measured based on the error rate of the classifiers. Figure 27 shows the initial phase in the

MultiScheme algorithm.

BayesNet C4.5 JRip
Variable Values
BestPerformarnce Default: “null*
BestClassifier Default: “null*

Figure 27: The initial phase in MultiScheme
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MultiScheme trains the selected classifiers one-by-one by the same training set starting
from the first classifier in the array. Suppose the error rate of BayesNet, the current classifier, is
15%. MultiScheme considers BayesNet as the best classifier, if the error rate of current classifier
less than the best performance MultiScheme compares the error rate of BayesNet (which is
15%) to the best classifier’s performance which is “null” because BayesNet is the first trained

classifier ah shown in Figure 28.

BayesNet C4.5 JRip
15% Not trained yet Not trained yet
Variable Values
BestPerformance 15%
BestClassifier BayesNet

Figure 28: MultiScheme considers the first classifiers as the best performance

C4.5 is the second selected classifier that MultiScheme will train. Suppose the error rate
of C4.5 is 7%. MultiScheme compares the error rate of the best performance, which is 15%, to
the error rate of the current classifier, C4.5, which is 7%. Based on the MultiScheme algorithm,
when current classifier has a lower error rate than the best performance, MultiScheme considers
the current classifier as the best performance. Therefore, MultiScheme considers C4.5 as the

best classifier, as shown in Figure 29.

BayesNet C4.5 JRip
15% 7% Not trained yet
Variable Values
BestPerformance 7%
BestClassifier C4.5

Figure 29: MultiScheme considers the current classifier as the best classifier
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Finally, MultiScheme repeats the same technique for the third classifier, which is JRip.
Suppose the error rate of JRip is 14% which is higher than the error rate of the best

performance. Therefore, MultiScheme keeps C4.5 as the best classifier as shown in Figure 30.

BayesNet C4.5 JRip
15% 7% 14%
Variable Values
BestPerformance %
BestClassifier 45

Figure 30: MultiScheme keeps the second classifier as the best classifier

Next, our comparative evaluation is performed by running several committees of DCCD
and MultiScheme against the previously introduced four different datasets. Thus, in this chapter,
we studied the effectiveness of DCCD by running it on the previously introduced datasets, of
different sizes. Furthermore, we measured the reaction of the two approaches in terms of

handling gradual and sudden concept drifts.

7.2  Experiment Setup

In this experiment, we ran four DCCD and MS committees against the four datasets that
that were affected by gradual and sudden concept drifts. In this experiment, we use three base
classifiers in all DCCD and MS committees, as discussed in section 4.4. Moreover,
comparing the performance of four DCCD and MS committees that has the same members in
each committee can provide a good generalization. For the fairness and consistency of the
experiment, all DCCD and MS committees are trained by the same sequence of drift scenarios
that were introduced into the selected datasets. By inspection, we decided to setup the accuracy
threshold ¢ by -5% for DCCD Furthermore, to evaluate the performance of DCCD, we apply a
ten-fold cross validation method for all experiments and we used the accuracy as the main
measure. Also, we use an open-source Java-based machine learning called WEKA to perform

this experiment.
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7.3 Evaluation of the First Committee

In this section, we compare DCCD to MultiScheme in terms of the accuracy. In Table 41, we
present our comparison results between MultiScheme and DCCD on the previously discussed
datasets. As you may notice, both approaches have the same initial classifiers; JRip, C4.5, and

BayesNet. Additionally, Table 41 lists the results details of the comparison between the

MultiScheme and DCCD on the four datasets as shown in Tables (a), (b), (¢), and (d).

DCCD MultiScheme
Drift 0 92.36% 92.36%
Drift 1 89.93% 89.93%
Drift 2 87.15% 87.15%
Drift 3 90.39% 90.39%

DCCD

MultiScheme

Drift 4 86.17% 86.17% Drift 0

97.05%

97.18%

Drift 5 90.39% 90.39% Drift 1

97.45 %

97.48%

Drift 6 81.37% 81.37% Drift 2

90.52 %

90.51 %

Drift 7 84.66% 84.66% Drift 3

95.36%

95.35%

Drift 8 86.92% 86.92% Drift 4

91.75%

91.77%

Drift 9 83.04% 83.04% Drift §

92.59%

92.58%

Drift 10 87.61% 86.23% Drift 6

91.17%

91.16%

Drift 11 89.40% 89.23% Drift 7

94.79%

94.79%

Drift 12 85.65% 84.38% Drift 8

97.49%

97.33%

Drift 13 89.29% 89.29% Drift 9

94.88%

94.88%

Drift 14 89.12% 88.48% ®)
Drift 15 36.28% 84.43%

(a) Comparison between the first committee and
MultiScheme on the Car Evaluation dataset

Comparison between the first committee and
MultiScheme on the Nursery dataset

DCCD

MultiScheme

Drift 0

96.00 %

96.00 %

DCCD MultiScheme Drift 1

95.33%

95.33%

Drift 0 83.33% 70.83% Drift 2

95.33%

95.33%

Drift 1 83.33% 70.83% Drift 3

95.33%

95.33%

Drift 2 87.50% 75.00% Drift 4

95.33%

95.33%

Drift 3 83.33% 70.83% Drift S

95.33%

95.33%

Drift 4 83.33% 70.83% Drift 6

95.33%

95.33%

Drift S 83.33% 70.83% Drift 7

96.00 %

93.33%

Drift 6 83.33% 79.17% Drift 8

94.67%

94.67%

Drift 7 87.50% 75.00 % Drift 9

94.67%

94.00 %

Drift 8 87.50% 70.83% Drift 10

95.33%

94.00 %

Drift 9 87.50% 75.00% Drift 11

95.33%

94.00 %

(¢) Comparison between the first committee and Drift 12

94.00%

94.00 %

MultiScheme on the Contact Lenses dataset (d) comparison between the first committee and
MultiScheme on the Iris Plant dataset

Table 41: Comparison between the first DCCD and MultiScheme

Table (a) presents the performance of DCCD and MultiScheme on the sequence of

concept drift scenarios that introduced on the Car Evaluation dataset. The difference in the
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accuracy is highlighted in Figure 31. From drift O until drift 9, the results of DCCD and

MultiScheme are identical, but after drift 9 DCCD is always more accurate than MultiScheme.
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Figure 31: Comparison of the accuracy of the first DCCD and MultiScheme on the Car Evaluation dataset

Table (b) shows that DCCD and MultiScheme have a similar performance for the entire
committee that was performed on the nursery dataset. The reason behind that is when DCCD
replaced JRip with SMO after drift 6; C4.5 continued to be the most accurate member in the
committee. Figure 32 highlights the performance of DCCD and MultiScheme on this dataset
which shows that the accuracy of DCCD is equal to the accuracy of MultiScheme.
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Figure 32: Comparison of the accuracy of the first DCCD and MultiScheme on the Nursery dataset

In Table (c) we provide the detailed of the comparison between DCCD and
MultiScheme by performing them on the Contact Lenses datasets. In this committee, DCCD did

not replace one of its committee members; however, DCCD maintains higher accuracy than
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MultiScheme. This indicates that DCCD has a higher performance even when DCCD did not
use its great advantage which is the dynamics that DCCD has. The difference in the accuracy is
highlighted in Figure 33, which compares DCCD and MultiScheme on the sequence of concept

drift scenarios that were introduced on this dataset.
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Figure 33: Comparison of the accuracy of the first DCCD and MultiScheme on the Contact Lenses dataset

A comparison between the performance of DCCD and MultiScheme is presented in
Table (d). This comparison is performed by running them against sequence of concept drift
scenarios that were introduced into the Iris Plants dataset. DCCD and MultiScheme have similar
performance until drift 5 as highlighted in Figure 34. The accuracy of DCCD has increased after
drift 5 which indicates that DCCD able to limit the accuracy reduction that is caused by the

concept drift.
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Figure 34: Comparison of the accuracy of the first DCCD and MultiScheme on the Iris Plants dataset
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7.4 Evaluation of the Second Committee

In this section, we compare the second DCCD to MultiScheme in terms of the accuracy
performance. Notice that both approaches have the same initial committee members; BayesNet,
IBK, and C4.5. Moreover, DCCD replaces the worst member with a new member in some of its
committees whereas MultiScheme cannot add or remove any of its members. We present the
results details of the comparison between the MultiScheme and DCCD in Table 42 (a), (b), (c),
and (d).

DCCD MultiScheme
Drift 0 93.52% 93.52%
Drift 1 89.93% 89.70% DCCD MultiScheme
Drift 2 87.15% 88.95% Drift 0 98.06% 98.06%
Drift 3 90.39% 90.39% Drift 1 98.91% 98.91%
Drift 4 86.17% 86.17 % Drift 2 90.52% 90.52%
Drift 5 90.97% 90.68% Drift 3 95.36% 95.36%
Drift 6 81.36% 76.04% Drift 4 91.89% 88.36%
Drift 7 84.66% 81.60% Drift 5 93.98% 90.08%
Drift 8 89.35% 86.92% Drift 6 91.54% 87.26%
Drift 9 84.66% 82.58 % Drift 7 96.17% 93.13 %
Drift 10 88.37% 86.23% Drift 8 99.20% 98.74%
Drift 11 89.29% 89.24% Drift 9 96.20% 92.97%

Drift 12 84.61% 82.23% (b) Comparison between the second DCCD and
MultiScheme on the Nursery dataset

Comparison between the second DCCD and MultiScheme
on the Car Evaluation dataset

DCCD MultiScheme DCCD MultiScheme
Drift 0 83.33% 70.83% Drift 0 96.00 % 94.67%
Drift 1 83.33% 70.83% Drift 1 95.33% 95.33%
Drift 2 87.50% 75.00 % Drift 2 96.00 % 94.67%
Drift 3 83.33% 70.83% Drift 3 95.33% 95.33%
Drift 4 83.33% 70.83% Drift 4 95.33% 94.67%
Drift 5 83.33% 70.83% Drift 5 96.00% 94.67%
Drift 6 83.33% 79.17% Drift 6 95.33% 95.33%
Drift 7 87.50% 75.00 % Drift 7 95.33% 95.33%
Drift 8 87.50% 70.83% Drift 8 95.33% 94.67%
Drift 9 87.50% 75.00 % Drift 9 94.67% 94.00 %
Drift 10 83.33% 70.83% Drift 10 96.00 % 92.67%
Drift 11 83.33% 79.17% Drift 11 96.00 % 94.67%
Drift 12 87.50% 79.17% Drift 12 98.00 % 97.33%

(¢) Comparison between the second DCCD and MultiScheme (d) Comparison between the second DCCD and
on the contact lenses dataset MultiScheme on the Iris Plants dataset

Table 42: Comparison between the second DCCD and MultiScheme

MultiScheme and the second DCCD are performed on the Car Evaluation dataset as
shown in Table (a) and highlighted in Figure 35. The results indicate that the performance of
MultiScheme and DCCD are identical until drift 6. After drift 6, DCCD replaces IBK by PART,
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which explains the improvement in the performance of DCCD as mentioned in section 6.2.1.
Figure 35 shows that the accuracy of DCCD increased after the replacement that DCCD

performed.
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Figure 35: Comparison of the accuracy of the second DCCD and MultiScheme on the Car Evaluation dataset

A comparison between DCCD and MultiScheme on sequence of concept drift scenarios
that have been applied into the Nursery dataset is presented in Table (b). Moreover, we highlight
the difference in the accuracy in Figure 36. DCCD have the same performance until drift 3 and
then DCCD shows an increase in its accuracy due to the dynamic mechanism of replacing the
worst member in the committee as mentioned in section 6.2.2. Figure 36 shows that the
accuracy of DCCD increases when DCCD uses its dynamic mechanism which indicates that the

dynamic mechanism in DCCD handles concept drift properly.
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Figure 36: Comparison of the accuracy of the second DCCD and MultiScheme on the Nursery dataset
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The comparison between the second DCCD and MultiScheme presented in Table (c)
and in Figure 37 which shows their performance against the Contact Lenses datasets. Recall
from section 6.2.3, DCCD replaces IBK by KStar after drift 9; however, DCCD maintains
higher accuracy than MultiScheme before and after the replacement took place. This indicates

that DCCD has higher accuracy even when DCCD did not use its dynamical mechanism.
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Figure 37: Comparison of the accuracy of the second DCCD and MultiScheme on the Contact Lenses dataset

Table (d) shows that the performance of DCCD is higher than MultiScheme in
almost all drifts. In this committee, DCCD did not replace any of its members; however, DCCD
is more accurate than MultiScheme. Figure 38 highlights the difference in the accuracy between
DCCD and MultiScheme on the sequence of concept drift scenarios that occur on the Iris Plants
dataset. Figure 38 points out DCCD ability of limiting the loss in the accuracy that is caused by
the concept drifts.
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Figure 38: Comparison of the accuracy of the second DCCD and MultiScheme on the Iris Plants dataset
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7.5 Evaluation of the Third Committee

This section provides a comparison between the third DCCD and by running DCCD and
MultiScheme on the four datasets. Both DCCD and MultiScheme have the same initial
classifiers: BayesNet, IBK, and JRip. Table 43 presents the results of the comparative evaluation

between DCCD and MultiScheme on the four dataset as shown in Tables (a), (b), (¢), and (d).

DCCD MultiScheme
Drift 0 93.52% 93.52%
Drift 1 89.58% 89.58%
Drift 2 89.18% 89.18%

Drift 3 90.39% 90.39%
Drift 4 83.97% 84.03% DCCD MultiScheme

Drift 5 90.97% 90.97% Drift 0 98.06% 98.06%

Drift 6 81.37% 76.04% Drift 1 98.20% 98.20%

Drift 7 83.68% 81.60% Drift 2 90.36% 90.36%

Drift 8 86.52% 86.52% Drift 3 95.46% 95.46%

Drift 9 82.58 % 82.58 % Drift 4 91.78% 91.74%

Drift 10 87.62% 84.90% Drift 5 92.90% 92.90%

Drift 11 89.41% 86.81% Drift 6 91.17% 89.10%

Drift 12 85.65% 82.23% Drift 7 94.79% 93.90%

Drift 13 88.89% 88.89% Drift 8 97.82% 97.40%

Drift 14 89.12% 88.31% Drift 9 97.88% 93.86 %

Drift 15 86.29% 82.97% (b) Comparison between the third DCCD and MultiScheme
on the Nursery dataset

(a) Comparison between the third DCCD and MultiScheme
on the Car Evaluation dataset

DCCD MultiScheme DCCD MultiScheme
Drift 0 75.00 % 75.00 % Drift 0 95.33% 95.33%
Drift 1 75.00 % 70.83% Drift 1 95.33% 95.33%
Drift 2 79.17% 66.67% Drift 2 96.00% 96.00%
Drift 3 79.17% 75.00 % Drift 3 95.33% 95.33%
Drift 4 79.17% 79.17% Drift 4 95.33% 95.33%
Drift 5 79.17% 75.00 % Drift 5 96.00% 96.00%
Drift 6 87.50% 83.33% Drift 6 95.33% 95.33%
Drift 7 79.17% 66.67% Drift 7 96.00% 96.00%
Drift 8 87.50% 62.50% Drift 8 95.33% 95.33%
Drift 9 79.17% 66.67% Drift 9 94.67% 94.67%
Drift 10 83.33% 79.17% Drift 10 96.00% 96.00%
Drift 11 83.33% 70.83% Drift 11 96.00% 96.00%
Drift 12 83.33% 79.17% Drift 12 98.00% 98.00%

(¢) Comparison between the third DCCD and MultiScheme (d) Comparison between the third DCCD and MultiScheme
on the contact lenses dataset on the Iris Plants dataset

Table 43: Comparison between the third DCCD and MultiScheme

Table (a) shows the performance results of the third DCCD and MultiScheme for the
Car Evaluation dataset. The accuracy of DCCD and MultiScheme are the same from drift 0 to
drift 5. DCCD has a slightly higher accuracy from drift 6 till drift 15. Recall form section 6.3.1,
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DCCD replaced JRip by SMO after drift 9, which resulted in a small improvement in

performance of DCCD as shown in Figure 39.
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Figure 39: Comparison between the third DCCD and MultiScheme on the Car Evaluation dataset

Table (b) and Figure 40 show the accuracy of the third DCCD and MultiScheme which

was performed on the Nursery dataset. As we can see in Figure 40, the third DCCD and

MultiScheme have similar performance from drift 0 to drift 5. Even though that DCCD replaced

JRip with C4.5 after drift 3 as we mentioned in section 6.3.2. DCCD and MultiScheme continue

to have similar performance until drift 5 because the new member did not become the most

accurate member until drift 6 which resulted in a slight improvement in its accuracy. Figure 40

shows how DCCD handled the loss in accuracy in drifts 6, 7, 8, and 9.

100.00%
98.00%
A
96.00% \ /N
A VA
94.00% /
92.00% \ / \_,/\\ /'
: v \\\/I s DCCD
y i

90.00% A\’ = = MultiScheme
88.00%
86.00%
8400% T T T T T T T T T 1

Drift Drift Drift Drift Drift Drift Drift Drift Drift Drift

0 1 2 3 4 5 6 7 8 9

Figure 40: Comparison between the third DCCD and MultiScheme on the Nursery dataset
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In Table (c), we present our comparison results between the third committee and
MultiScheme on the Contact Lenses datasets. Figure 41 highlights the performance of both
which shows that DCCD is always more accurate than MultiScheme. Recall from section 6.3.3,
DCCD forces IBK to retire and adds C4.5 instead, which allowed to DCCD to increase its

accuracy. Figure 41 shows that the accuracy of DCCD is more accurate in general.
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Figure 41: Comparison between the third DCCD and MultiScheme on the Contact Lenses dataset

Finally, we present the comparison results between the third DCCD and MultiScheme
on the Iris Plants dataset in Table (d). This table compares the accuracy of DCCD and
MultiScheme on sequence of concept drift scenarios that occur on Iris Plants dataset. DCCD did
not replace any of its committee members in this committee. As shown in Figure 42,

MultiScheme and DCCD have similar performance due to the stability of the dataset.
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Figure 42: Comparison between the third DCCD and MultiScheme on the Iris Plants dataset
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7.6 Evaluation of the Fourth Committee

We compare the fourth DCCD to MultiScheme in terms of the accuracy performance in this

section. We present our comparison results between MultiScheme and DCCD by performing

them against the four datasets. Table 44 provides the results details of the comparison between

the MultiScheme and DCCD as presented in Tables (a), (b), (c), and (d). Notice, both algorithms

have the same initial classifiers; C4.5, SMO, and BayesNet.

DCCD

MultiScheme

Drift 0

93.75%

92.36%

Drift 1

91.44%

89.93%

Drift 2

89.76%

86.86%

Drift 3

90.39%

90.39%

DCCD MultiScheme

Drift 4

89.41%

87.15%

Drift 0 97.05% 97.05%

Drift 5

91.38%

90.39%

Drift 1 97.45 % 97.45 %

Drift 6

81.90%

81.19%

Drift 2 90.52 % 90.52 %

Drift 7

85.01%

84.66%

Drift 3 95.36% 95.36%

Drift 8

89.35%

86.92%

Drift 4 91.78% 91.78%

Drift 9

84.66%

83.04%

Drift S 92.59% 92.59%

Drift 10

88.37%

86.28%

Drift 6 91.17% 91.17%

Drift 11

89.41%

89.01%

Drift 7 96.17% 94.79%

Drift 12

85.65%

84.49%

Drift 8 99.20% 97.49%

Drift 13

88.19%

89.29%

Drift 9 96.20% 94.88%

Drift 14

91.15%

88.31%

Drift 15

86.29%

85.76%

Comparison between the fourth DCCD and MultiScheme

on the Car Evaluation dataset

DCCD

MultiScheme

Comparison between the fourth DCCD and MultiScheme
on the Nursery dataset

DCCD MultiScheme

Drift 0

83.33%

70.83%

Drift 0 96.00 % 96.00 %

Drift 1

83.33%

70.83%

Drift 1 96.67% 95.33%

Drift 2

87.50%

70.83%

Drift 2 96.67% 95.33%

Drift 3

83.33%

70.83%

Drift 3 96.00 % 95.33%

Drift 4

83.33%

70.83%

Drift 4 96.00 % 95.33%

Drift 5

83.33%

70.83%

Drift S 96.00 % 95.33%

Drift 6

83.33%

75.00%

Drift 6 96.00 % 95.33%

Drift 7

87.50 %

70.83%

Drift 7 94.67% 94.67%

Drift 8

87.50 %

83.33%

Drift 8 96.00 % 94.00%

Drift 9

87.50 %

70.83%

Drift 9 95.33% 94.67%

Drift 10

87.50 %

70.83%

Drift 10 95.33% 94.00%

Drift 11

87.50 %

79.17%

Drift 11 95.33% 94.00%

Drift 12

87.50 %

83.33%

Drift 12 94.00% 94.00%

(¢) Comparison between the fourth DCCD and MultiScheme
on the Contact Lenses dataset

(d) Comparison between the fourth DCCD and MultiScheme

on the Iris Plants dataset

Table 44: Comparison between the fourth DCCD and MultiScheme
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Figure 43: Comparison between the fourth DCCD and MultiScheme on the Car Evaluation dataset

The comparison results between DCCD and MultiScheme on sequence of concept drift
scenarios that have been run on the Car Evaluation dataset is presented in Table (a). Figure 43

shows that the accuracy of DCCD is almost always higher than that of MultiScheme.
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Figure 44: Comparison between the fourth DCCD and MultiScheme on the Nursery dataset
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Table (b) donates that DCCD and MultiScheme have similar performance on the
Nursery dataset until drift 6. After drift 6, DCCD replaces one of its committee members, which
results in increasing the accuracy of DCCD. The difference in the accuracy is highlighted in
Figure 44, which compares DCCD and MultiScheme on the sequence of concept drift scenarios
that were introduced to this dataset. From drift O until drift 6, the performance of DCCD and
MultiScheme are identical to each other, but after drift 6 DCCD is almost always more accurate
than MultiScheme. Figure 44 shows the increase in the accuracy of DCCD increases after the
replacement took place. This significant increase can be used as a balance to the accuracy

reduction that concept drifts cause.
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Figure 45: Comparison between the fourth DCCD and MultiScheme on the Contact Lenses dataset

Table (c) donates that the accuracy of DCCD is always higher than MultiScheme the
Contact Lenses datasets. After drift 9. DCCD replaced the worst member in the committee with
a new member; however, this replacement did not increase the accuracy of DCCD due to the
size of the dataset. Based on Table (c), the performance of DCCD is better than MultiScheme
even if the replacement did not affect the overall accuracy of DCCD. The difference in the
accuracy is exposed in Figure 45, which shows the performance of DCCD and MultiScheme on

a sequence of concept drift scenarios that were introduced to this dataset.
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Figure 46: Comparison between the fourth DCCD and MultiScheme on the Iris Plants dataset

We perform the fourth DCCD committee and MultiScheme against the Iris Plants
dataset. Table (d) presents the comparison results between of the performance of the fourth
DCCD committee and MultiScheme. The difference in the accuracy is highlighted in Figure 46
which shows that DCCD is always more accurate than MultiScheme. Notice that DCCD did not

replace any of its committee members as mentioned in section 6.4.4.

7.7  Discussion

In this chapter, we analysed the results of the comparative evaluation between our DCCD
algorithm and the MultiScheme algorithm (MS) against the four datasets. The first dataset is the
Car Evaluation dataset which is considered as a medium-sized dataset. The Nursery datasets is
the second dataset that we used in this study. This dataset is considered as a large-sized dataset.
The third dataset is the Contact-Lenses dataset which is a very small dataset. The last dataset
that we used is the Iris Plant dataset which is a small dataset. We used diverse committees to
measure the performance of DCCD compared to the performance of MultiScheme in terms of
accuracy. Table 45 presents the final accuracies of the sixteen experiments that discussed in this
chapter. Additionally, this table summarizes the final performance of DCCD and MultiScheme

against different sizes of datasets.
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Car Evaluation Contact Lenses Lris Plant
Dataset Nursery dataset dataset :ilst an
(Large size) (Very small size) A ﬁ‘s‘_"t
(Medium size) (Small size)
DCCD MS DCCD MS DCCD MS DCCD MS
First Final Accuracy | g628% | 84.43% | 94.88% | 94.88% | 87.50% | 75.00% | 94.00% | 94.00%
Committee
Most Accurate DCCD Equal DCCD DCCD
performance
DCCD MS DCCD MS DCCD MS DCCD MS
Second Final Accuracy | S401% | 82.23% 1 96200 | 9297% | s7.50% | 7917% 98.00% | 97.33%
Committee
Most Accurate DCCD DCCD DCCD DCCD
DCCD MS DCCD MS DCCD MS DCCD MS
Third Final Accuracy | 86.29% | 8297% [ o7¢g0; | 93.86% | 83.33% | 79.17% | 98.00% | 98.00%
Committee DCCD DCCD DCCD Equal
Most Accurate performance
DCCD MS DCCD MS DCCD MS DCCD MS
Fourth Final Accuracy | 8629% | 8576% F 96300 | o488% | 87.50% | 8333% | 94.00% | 94.00%
Committee DCCD DCCD DCCD DCCD
Most Accurate

Table 45: The final accuracies of the sixteen experiments for DCCD and MultiScheme (MS)

In Table 45, we overview the final accuracies of the sixteen experiments according to
the size of our datasets. For the medium-sized dataset, DCCD is more accurate than
Multischeme in all the committees. Recall from section 6.1.1 that DCCD took advantage of it
dynamicity, by replacing the worst member, JRip, in the first committee with SMO. This
replacement enabled DCCD to increase its accuracy higher than MultiScheme after drift 9 in this
committee as shown in Figure 31. In the second committee, Recall from section 6.2.1 that
DCCD replaces the worst member, IBK, with PART which enables DCCD to provide higher
accuracy after drift 6 as shows in Figure 35. Moreover, DCCD increases its accuracy higher than
MultiScheme after drift 9 in third committee. This increase occurs when DCCD replaces JRip
with SMO as mentioned in section 6.3.1 and highlighted the difference in Figure 39. In the
fourth committee, DCCD shows more accurate than MultiScheme mainly due to the
replacement of C4.5 with PART after drift 6 as highlighted in Figure 43. The results in Table 45,
suggests that DCCD provides higher performance more than MultiScheme on the medium-sized

dataset.

For the large dataset, DCCD and MultiScheme have a similar performance in the first
committee as discussed in section 7.2. Recall from section 6.1.2 that when DCCD replaced JRip

with SMO after drift 6; C4.5 continued to be the most accurate member in the committee. Hence,
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the advantage of the dynamicity in DCCD did not increase its accuracy. However, DCCD took
advantage of its dynamicity in the second, third, and fourth committees which enabled DCCD to
provide higher accuracy as shown in Figures 36, 40, and 44. DCCD produces higher accuracy in
the large dataset when DCCD uses its dynamicity adequately as emphasized in Figures 36, 40,
and 44.

DCCD is more accurate than MultiScheme in the very small dataset in all committees.
DCCD have replaced the worst member in its committees with a new member in the committees
2, 3, and 4 which reflects in rising the committees’ performance as discussed in chapter 6. In
contrast, the first committee did not use the dynamicity advantage; however, DCCD maintained

higher accuracy more than MultiScheme.

Lastly, DCCD provides higher results in committees 1, 2 and 4, against the small
dataset. On the other hand, DCCD and MultiScheme have a similar performance in the third
committee as shows in Figure 42. Recall from chapter 6 that DCCD did not replace any of its
members in all the committees due to the stability of this dataset. Table 45 indicates that DCCD
produces higher accuracy when it’s performed against the small dataset even though when
DCCD does not use its dynamicity advantage. The reason behind DCCD’s high results is the
training technique. Recall from section 7.1 that MultiScheme trains all the selected classifiers by
the same training set and tests them by the testing set. In contrary, DCCD trains and tests each
member separately. For instance, suppose MultiScheme trained the selected classifiers against
the Iris Plant dataset by using 10 cross validation. MultiScheme divides the dataset into ten
equal folds randomly in order to use nine folds for training and one for testing. MultiScheme
trains all the selected classifiers by the same nine folds and tests all the selected classifiers by
the same one fold. On the other hand, DCCD does not require training and testing its committee

members by the same folds.

In this study, eleven experiments took advantage of the dynamicity in DCCD. The
comparative evaluation shows that DCCD generally generates higher performance results,
especially when the number of concept drifts is large in a dataset. However, the size of the
datasets seems to have a significant impact on the accuracy of DCCD. This experiment showed
the effectiveness of DCCD in handling gradual and sudden concept drifts. Finally, we can
conclude that DCCD has produced highly accurate models on different sizes of datasets that
facing gradual and sudden concept drifts. This is our main significant accomplishments in this

study.
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Table 46 further contrasts DCCD and several algorithms. In this comparison, two
features are considered. The first feature is the ability of the algorithms to use more diverse

classifiers. The second feature is the ability of the algorithms to replace any of its base

classifiers.
Dynamically
Using diverse base classifiers
(Adding and removing classifiers)
Adaboost No No
Bagging No No
Grading Yes No
MultiBoostAB Yes No
Committee decision tree No Yes
MultiScheme Yes No
DCCD Yes Yes

Table 46: Comparison between DCCD and several algorithms

As Table 46 shows, the only algorithm that has these two features is DCCD. We chose
to experimentally compare DCCD to MultiScheme because it has a similar mechanism to
evaluate the performance, as mentioned in section 7.1, of the used classifiers. In contrast, the
other algorithms have very different mechanism to evaluate the performance of their diverse
base classifiers. For example, recall from section 2.3.1, Grading aims to detect and correct
incorrect predictions at the base level by adding into the original dataset a new class labels that
encode whether the prediction of the base classifier for each example is correct or incorrect. If
we used Grading to deal with concept drifts, the new added class labels into the original dataset
to grade each example as correct or incorrect might have legitimate labels at one time and
illegitimate labels at another time. Therefore, comparing DCCD to Grading is not reasonable

because concept drift will affect its evaluation mechanism.

Additionally, we did not experimentally compare DCCD to MultiBoostAB because the
MultiBoostAB’s mechanism is based on combining the committee members’ outputs to create a
single classification from the committee as a whole. Recall from section 2.3.1,
MultiBoostAB forms and trains a committee to combine the outputs of the committee members
in a classification task. MultiBoostAB trains the committee members in the beginning to classify

given examples and then MultiBoostAB combines and weights the members’ outputs. When a
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concept drift occurs, it affects the outputs of the committee members which indeed will affect
the combined outputs. For this reason, we avoided comparing DCCD to MultiBoostAB, to

ensure the fairness of the experiment.

Recall from chapter 2, Adaboost and Bagging are popular ensemble learning algorithms
that can create multiple models of only one base classifier and selects the most accurate model
among them. Moreover, Adaboost and Bagging do not have the dynamically feature that makes
them able to replace one of created models. Furthermore, Adaboost and Bagging cannot use
diverse classifiers at the same time. On the other hand, Grading and MultiBoostAB are ensemble
learning algorithms that able to use variety of base classifiers. However, Grading, and

MultiBoostAB cannot replace one of its created models without human interaction.

Committee Decision Tree (CDT) is a base learning algorithm that designed to handle
concept drift as mentioned in chapter 2. CDT creates multiple Decision Trees and selects the
most accurate Decision Trees among them. Moreover, CDT has the dynamically feature that
enables it to replace one of created Decision Trees when the accuracy of a model drop below a

specific threshold.

In summary, our algorithm DCCD has two features which enables it to create multiple
models of one or more base classifier and selects the most accurate model among them. The
dynamical nature of DCCD enables it to replace one of base classifiers when one of the base
classifiers loss from its accuracy a specific threshold. This feature limits the accuracy reduction
that caused by concept drift as we presented in this chapter. Furthermore, this property can
reduce the human error in case of selecting inappropriate one of base classifiers for a dataset.
Moreover, this characteristic provides one with the flexibility of adding new base classifiers in

the future.

7.8  Summary

In this chapter, we presented a comparative evaluation of our approach to that of the
MultiScheme algorithm. In this comparative evaluation, DCCD and MultiScheme were run
against several datasets. The comparative evaluation confirms that DCCD builds highly accurate
models against a number of different sized datasets that have been affected by gradual and
sudden concept drifts and that it often outperforms MultiScheme. In chapter 8, we present our

conclusion followed by our contributions. Furthermore, we discuss possible future works.
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CHAPTER EIGHT
CONCLUSION

Concept drift is one of the major issues for the machine learning and data mining society.
Regular data mining approaches handle all incoming data as static data represented by a set of
features and this, in turn, does not assume the data distribution change that may result from the
external environment. A concept may drift due to several motivations such as the changing of
the value currency and sensor failure, which can cause serious deterioration of the performance
of the current model. Hence, the need of such classifiers that handle concept drift becomes
necessary to most users around the world. Extensive work has been conducted on the issue of

data mining in an attempt to deal with this complication [7].

Our presented approach, DCCD, reduced the number of lost accuracy, which is needed
for any classifier in order to produce good performance results when concept drifts occur. In this
thesis, we provided an overview of previous works and research that have been done on the
issue of concept drifts. We also provided a detailed discussion of the different types of concept
drifts. Furthermore, techniques for committee learning were used in the task of increasing the
accuracy of a model and detecting sudden and gradual concept drifts in a dataset. This thesis
provided an explanation of several approaches used in the community of data mining that are of
interest for our task of handling concept drifts. Furthermore, this thesis provided a detailed
explanation of the data preparation and the type of concept drift scenarios that have been applied

to each dataset.
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We have shown that handling gradual and sudden concept drifts using DCCD requires
that the data be prepared first, before DCCD is performed. The steps of preparing the data
involve attribute selection and applying the drifts on each dataset. Drifts scenarios will be
applied only to attributes that have the largest impact on the entire dataset. DCCD performance
is based on two main principles: the average loss in accuracy and the worst member in terms of
performance. The detection of concept drift can be evident from the reduction in accuracy that
the model loses over time. The worst member performance can be measured by comparing the

members’ performances in addition to identifying the least accurate member in the committee.

8.1 Thesis Contributions

Handling concept drift using the committee techniques has previously been studied in the
research communities [11]. There are four main contributions in this thesis. The first
contribution is providing a new algorithm called CDI to introduce gradual and sudden concept
drifts to datasets. The main advantage of DCI is dividing concept drift into several phases that
provide high scalability to concept drift detector by evaluating each phase instead of evaluating

each drift scenario.

The second contribution, the creation of an algorithm that can react to the loss in
accuracy due to concept drifts. When any type of concept drift appears in a datasets, the used
model starts to lose accuracy. Current approaches that handle concept drift focus on how the
model should handle the concept drifts or when the model should react to concept drifts.
Selecting effective actions alone to deal with concept drifts is not enough. The effective actions
must be associated with the perfect timing because focusing on one aspect to resolve this issue
and ignoring the other influences the efficiency of the approach. Therefore, DCCD is mainly
designed to overcome this gap effectively by selecting appropriate reactions at the appropriate

time.

Another contribution of this thesis is providing more member options, which can reduce
the amount of inappropriate selection of members that can be made by human mistakes. In other
words, suppose a user selected three random members to handle concept drift. However, the
selected members are not appropriate for the user dataset. DCCD can overcome this kind of gap
effectively by replacing the members, namely the worst members, dynamically. Furthermore,
some of the classifiers are the most accurate classifiers in the beginning, but over time this

classifier may become less accurate. For example, suppose a user tried several classifiers and
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selected the most accurate one among them at a certain time. After the concept drifts occur, the
selected classifier loses accuracy and performs worse than it did at the start. DCCD aims to
provide insurance to that user by guaranteeing that the user will be able to get the most accurate

results every time.

The last contribution of this thesis is the elimination of the worst classifiers by
evaluation of their performance in terms of accuracy, and then, replacing them with new
classifiers. This procedure can increase the competition between the classifiers, which in turn,
will guarantee the users the best results. In other words, suppose a user created a committee
consisting of three different classifiers: A, B, and C. Therefore, adding a new member that is as
good as B can make the comparison fair. DCCD does this exactly; it provides a fair comparison

between the members, which results in an increase of the accuracy.

8.2 Future Work

Our work mainly focused on evaluating how well DCCD performed when gradual and sudden
concept drifts appear in datasets. The emphasis was particularly put on “reducing the accuracy
loss” in the current model. As far as the author is aware, this is the first study that uses a
dynamic committee to handle concept drift, which allows adding and removing diverse base
classifiers. The work presented in this thesis may be expanded in many other possible directions.
Firstly, DCCD may be extended to consider other concept drift types such as seasonal and re-

occurring drifts.

Moreover, it would be possible to adjust DCCD to be able to perform on streaming data
rather than just batch data. Another possible direction would be to study the impact of the
dataset characteristics on the performance of DCCD. The dataset characteristics could make one
classification algorithm more appropriate than another. Several researchers have explored the
relationship between the performance of algorithms and the dataset characteristics. However, the
impacts of the dataset characteristics on ensemble classifiers need to be examined further.
Additionally, it would be worthwhile to study the relationship between the dataset

characteristics and concept drift systems.

Another possible direction would be to extend DCCD to work with clustering and
compare it to other clustering methods in order to measure its performance. In fact, for our work
we only used one measure, which is the accuracy, to evaluate the performance of DCCD. It

would be more effective when other measures are included in the criteria for selecting the best
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member in a committee. Moreover, it would be interesting to study how other approaches
compare when different measures are used in the same datasets and same concept drift types.
We considered the accuracy as the main measure due to the complexity of the concept drift
issue; it would be more effective to use other measures such as Recall, Precision, and F-
measure. Another possible future direction is to run DCCD on more diverse selections of
datasets, other than datasets from the UCI repository. For example, an investigation should be
considered on the performance of DCCD on synthesis datasets, datasets with noise and outliers,

in addition to relational database.

Another suggestion for future work would be to go beyond using base classifiers as
members and to allow the members to be ensemble of classifiers. For instance, we can make a
committee consisting of Bagging, AdaBoost, and Grading. The main challenge in this particular
suggestion is the scalability of DCCD. It would be worthwhile to study how DCCD would
perform when given the task of handling concept drifts that occur in a very large dataset. We did
not consider incremental base learners such as Hoeffding trees [91] or online ensemble
approaches such as online Bagging and online Boosting [37] in our study. This would be another

interesting research direction to pursue.
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