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ABSTRACT

NON-INCREMENTAL CLASSIFICATION LEARNING
ALGORITHMS BASED ON VOTING FEATURE
INTERVALS

Giulsen Demird6z
M.S. in Computer Engineering and Information Science
Supervisor: Assoc. Prof. Halil Altay Givenir
August, 1997

Learning is one of the necessary abilities of an intelligent agent. This thesis
proposes several learning algorithms for multi-concept descriptions in the form
of feature intervals, called Voting Feature Intervals (VFI) algorithms. These
algorithms are non-incremental classification learning algorithms, and use fea-
ture projection based knowledge representation for the classification knowledge
induced from a set of preclassified examples. The concept description learned
is a set of intervals constructed separately for each feature. Each interval car-
ries classification information for all classes. The classification of an unseen
instance is based on a voting scheme. where each feature distributes its vote
among all classes. Empirical evaluation of the VFI algorithms have shown that
they are the best performing algorithms among other previously developed fea-
ture projection based methods in terms of classification accuracy. In order to
further improve the accuracy. genetic algorithms are developed to learn the op-
timum feature weights for any given classifier. Also a new crossover operator,
called continuous uniform crossover, to be used in this weight learning genetic
algorithm is proposed and developed during this thesis. Since the explanation
ability of a learning system is as much important as its accuracy, VFI classi-
fiers are supplemented with a facility to convey what they have learned in a

comprehensible way to humans.

Keywords: machine learning, supervised learning, classification. inductive

learning, non-incremental learning. feature intervals, voting, genetic algorithms.
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OZET

OYLAYAN OZNITELIK BOLUNTULERINE DAYALI
TOPLU SINIFLANDIRMA OGRENME ALGORITMALARI

Gilsen Demiroz
Bilgisayar ve Enformatik Mihendisligi, Yiksek Lisans
Tez Yoneticisi: Dog. Dr. Halil Altay Guvenir
Agustos, 1997

Ogrenmek akilli bir birevin en gerekli 6zelliklerinden biridir. Bu tezde coklu
kavram tanimlarini 6znitelik araliklar: seklinde 6grenen veni algoritmalar 6ne-
rilmektedir. Oylayan O:znitelik Araliklar (VFI) olarak isimlendirilen bu al-
goritmalar toplu siniflandirma oégrenme algoritmalaridirlar.  Daha &nceden
simflandirilmis olan orneklerden simflandirma bilgisini ¢ikarmak igin 6znitelik
izdiisimlerine dayall bilgi gosterim yontemini kullanirlar. (")grenilen kavram
tamimi her oznitelik i¢in ayr1 ayr 6grenilen araliklar seklindedir. Her bir aralik
bitin simflar icin simiflandirma bilgisi icerir. Yeni bir 6rnegin siniflandirilmas:
her 6zniteligin ovunu butin simiflara dagittigi bir oylama sistemine dayanir.
Gercek hayattan alman veri kiimeleri tizerinde yapilan denevlerde VFI algo-
ritmalar1 daha once gelistirilmig 6znitelik izdigumlerine dayali diger metod-
lardan daha yiliksek simiflandirma dogrulugu elde etmiglerdir.  Ayrica simif-
landirma dogrulugunu daha ¢ok arttirmak i¢in optimum oznitelik agirhiklarim
ogrenen genetik algoritmalar gelistirilmistir. Aym zamanda bu genetik algo-
ritmalarda kullamlmak tizere veni bir caprazlama operatért de geligtirilmigtir.
Bir 6grenme sisteminin agiklama vetenegi de en az dogrulugu kadar énemli
oldugundan, VFI algoritmalar ogrendiklerini insanlarin anlavabilecegi bir ge-

kilde gosterebilmektedirler.

Anahtar Sozciikler: 6grenme. tiimevarimsal 6grenme, siniflandirma, toplu
ogrenme, denetimli 8grenme, oznitelik izdigtimleri, oylama. genetik algorit-

malar.
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Chapter 1

Introduction

Since learning is one of the necessary abilities of an intelligent agent, machine
learning has played an important role in artificial intelligence. Simon [66] has
defined learning as changes in a system that enable it to do the same task or
tasks drawn from the same population more efficiently and more effectively the

next time. There are two ways in which a system can change [65]:

1. The system can acquire new knowledge from external sources (knowledge

acquisition)

The system can modify itself to exploit its current knowledge more effec-

S

tively (refinement of skills through practice)

The first tyvpe of learning acquires new knowledge from external sources in
order to solve a problem. perform a new task or improve the performance of
an existing task. The second kind of learning is often called speedup learning
or skill acquisition. This kind of learning is usually used for improving the
efficiency of search-base problem-solving systems. Oune way to speed up search
is to introduce macro operators that take “big steps” in the search space.
Another way to speed up search is to introduce meta level control knowledge.
Frplanation-bascd learning (EBL) [19] is a technique that has been applied to

learn macro operators and search control knowledge.
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Michalski, Carbonell, and Mitchell classify Machine Learning (ML) ap-

proaches according to their learning strategies as follows [49]:

o Rote learning is also called as learning by being programmed and consists
of just recording the different objects supplied by a teacher. Classical

database systems illustrate this strategy.

o Learning by instruction is learning by being told some new knowledge

from an external source.

o Inductive learning or empirical learning is accomplished by reasoning

from externally supplied examples to produce more general descriptions.

o Learning by observation is learning by observing the environment and

making discoveries.

Inductive learning or empirical learning has been heavily investigated in
ML literature. Inductive learning can be described as learning by drawing
inductive inference from facts that are provided by a teacher or an environ-
ment. Acquiring knowledge involves operations of generalizing. specializing.
transforming, correcting and refining knowledge representations [49]. Learning
a concept usually means to learn its description, that is. a relation between
the name of the concept and a given set of features by making some infer-
ences. This learning strategy requires that a sufficient number of examples
made available to the learner. We focus in general on inductive learning —
learning from examples— in this thesis. Inductive learning can be categorized

into two categories: supervised learning and unsupervised learning.

Supervised learning. also known as classification, is the primary task studied
in machine learning research. A supervised learning algorithm receives a set
of preclassified training instances (examples), each labeled with a particular
class. The goal of such a learning algorithm is to learn a classification rule that
will correctly assign new instances to these classes. For example. instances
could be descriptions of the symptoms of diseased and healthy patients. The
classes here ave “diseased™ and “healthy”, and the task of the learning system
is to produce a sct of rules for accurately predicting whether new patients are

discased or healthy.
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In unsupervised learning, the training instances have not been assigned to
classes by a teacher. Only the descriptions of these instances are given and
the goal of the inductive learning system is to search for some regularities and
natural groupings (clustering) among these instances. Unsupervised learning
differs from supervised learning in the measure of success. To test whether a
supervised learning algorithm has succeeded. we can simply apply it to a set of
test examples and see if they are correctly classified that is, the classification of
the system agrees with the classification of the teacher. But with unsupervised
learning, we must examine the test examples and see if they exhibit the same

regularity that was discovered in the training instances.

Supervised learning is also called as concept learning or concept acquisition,
and the classes are called as concepts. The word “concept” is derived from
the Latin word “concipere” meaning “to seize (a thought)” and the learning
system seizes the concept by learning a set of conditions sufficient to decide
whether a given object is or is not an instance of it. The two types of concept
learning are single concept learning and multi-concept learning. In single con-
cept learning, the teacher either provides only the positive instances (instances
of the concept) or both the positive and negative instances to the learning sys-
tem. For example, the records of healthy patients can be viewed as the positive
instances and the records of diseased (non-healthy) patients can be viewed as
the negative instances of the “healthy™ concept. The set of rules learned by
the concept learning system from the given examples is the description of the
“healthy™ concept. Single-concept learning is a special case of multi-concept
learning, where there are more than one concept to be learned. For example.
there are several brands of cars some of which are Opel. Renault. Mazda. Volk-
swagen. etc. In this multi-concept learning domain, instances do not belong to
more than one class (a car can not be Opel and Mazda at the same time). that
is, classifications of instances are mutually disjoint. But in some other multi-
concept learning tasks, instances may belong to more than one class. that is.

classifications of instances are possibly overlapping.

Several concept learning svstems that learn multi-concept descriptions from
instances where the concepts are mutually disjoint have been developed. The

Nearest Neighbor algorithm [17. 18, 24]. Decision Tree Inducers [37, 28, 13. 55.
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60, 14, 36, 12], Bayesian Classifier originating from work in pattern recognition
[24, 29], learning by EACH (Exemplar-Aided Constructor of Hyperrectangles)
[62], and instance-based learning algorithms [5, 9] are some of them and ex-

plained in Chapter 2.

This thesis proposes several new multi-concept learning algorithms, called
Voting Feature Intervals {VFI) algorithms. The VFI algorithms are non-
incremental classification learning algorithms that learn the concept descrip-
tions by constructing feature intervals on each feature dimension from a set of
preclassified examples provided by a teacher. Classification of a new example is
performed by a voting scheme where the feature intervals distribute their vote
among classes. The features are considered separately both in learning and
classification which provides faster classification times. Processing each fea-
ture separately enables a simple and effective way of handling missing feature

values which is a problem for decision tree inductive learning and the nearest

neighbor algorithms.

The VFI classifiers always achieve higher classification accuracies than all
other classification algorithms that use the feature projection based knowledge
representation and usually perform better than the Naive Bayesian Classifier.
Another advantage of the V'FI classifiers is that it is possible to make a general

classification returning a probability distribution over all classes instead of a

categorical classification [43].

The representation of concepts learned by VIl classifiers is similar to that of
other concept learning models using feature projection based knowledge repre-
sentation scheme such as CFP [32]. FIL algorithms [7]. COFI [73], and A-NNFP
[8] all of which are described in detail in Chapter 3. The voting scheme used
to classify a new instance has also evolved from the voting schemes used n
these related methods. Chapter -1 explains the details of this new classification
method. Since induction of multi-concept descriptions from classified examples
have large number of applications to real-world problems. we will empirically
evaluate VI classifiers on some real-world datasets from the UCI-Repository
[51] and artificially generated datasets in Chapter 5. For this purpose, we
have also compiled two medical datasets, one for the description of arrhyth-

mia characteristics from ECG signals, and the other for the histopathological
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description of a set of dermatological diseases. The classification performance
of VFI algorithms are compared with that of other classification algorithms
discussed in Chapters 2 and 3. Chapter 5 also presents the complexity analysis
of the VFI algorithms. Chapter 6 describes and presents the experimental re-
sults of a feature weight learning genetic algorithm combined with the Nearest
Neighbor and the VFI algorithms. Chapter 7 presents how we visualize the
concept learned by the VFI algorithms and the explanation of classification of
a new instance. The final chapter presents a summary of this thesis and some

ideas for future work.



Chapter 2

Supervised Inductive Learning

Models

Supervised inductive learning (concept learning) from examples has been the
most active research area in machine learning. It can be defined as pro-
cess of acquiring knowledge by drawing inductive inferences from teacher or
environment-provided facts by generalizing, specializing, transforming, correct-

ing and refining knowledge representations [49].

The necessary input to a concept learning system is a set of training ex-
amples correctly assigned to classes by a teacher. All the concept learning
systems mentioned in this thesis use feature-value description for the input
training instances. Feature-value representation expresses all the information
about one instance in terms of a fixed collection of properties or features. Each
feature may have either discrete (nominal) or continuous (linear) values. For
example. color feature having values “red”, “blue”. or “green” is a nominal
feature whereas age feature is a linear feature which can take any numerical
value (integer or real) in some range and in general has a linearly ordered set
of feature values. One 1mportant restriction is that the features used to de-
scribe an instance must not vary from one instance to another. Since a teacher
assigns classes to instances in supervised learning, the input instances have a
class label in addition to the feature values. The learning svstems in this thesis

can learn multi-concepts requiring that an instance can not belong to more

6
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CHAPTER 2. SUPERVISED INDUCTIVE LEARNING MODELS

than one class and the classes are discrete. There are tasks that do not have
discrete classes and concerned with the prediction of continuous value such as
the price of gold. The multi-concept learning of discrete classes is very often
called as classification since the concept learning system (classifier) will predict

a class value for the new instance among those discrete classes.

For concept learning tasks, one of the widely used representation tech-
nique is the exemplar-based representation. Either representative instances as
in Instance-Based Learning [5] or generalizations of instances as in Nested-
Generalized Exemplars [62] form the concept descriptions in exemplar-based
models. Another useful knowledge representation technique for concept learn-
ing is decision trees [55]. Statistical concept learning algorithms also use train-
ing instances to induce concept descriptions based on certain probabilistic ap-
proaches [24]. In the following sections. these concept learning models are
presented and most of them will be later used to compare with the new learn-

ing methods developed in this thesis.

2.1 Exemplar-Based Learning

Exemplar-Based Learning was originally proposed as a model of human learn-
ing by Medin and Schaffer [48]. In the simplest form of exemplar-based learn-
ing. every example is stored in memory verbatim, with no change of represen-
tation. An example is defined as a vector of feature values along with a label

which represents the category (class) of the example.

Knowledge representation of exemplar-based models can be maintained as
representative instances [2. 5], hyperrectangles [62, 63], or feature projection
based representations [7. 8. 22, 32. 73]. Unlike Explanation-Based General-
ization (EBG) [19, 50], little or no domain specific knowledge is required in

exemplar-based learning.

Figure 2.1 presents a hierarchical classification of exemplar-based learning

models. Instance-Based Learning (IBL) and Exemplar-Based Generalization
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Exemplar-Based Learning

7\

Instance-Based Learning Exemplar-Based Generalization

/N

Nested Generalized Feature Projection Based

Exemplars ‘///////Learnief\\\\\‘
Single-Class Multi-Class
Intervals Intervals

Figure 2.1. Classification of Exemplar-Based Learning models.

are two types of exemplar-based Learning. For example, instance-based learn-
ing methods [5] retain examples in memory as points, and never changes them.
On the other hand. exemplar-based generalization methods make certain gener-
alizations on the training instances. One category of the exemplar-based gener-
alization is the Nested-Generalized Exemplars (NGE) model {62]. This model
changes the point storage model of the instance-based learning and retains
examples in the memory as axis-parallel hyperrectangles. Feature Projection
Based (FPB) learning models are the basis for this thesis and can be classi-
fied as exemplar-based generalization methods. The FPB algorithms learn the
concept descriptions by generalizing the projections of the training examples
separately on each feature. In this thesis. we will study several supervised
inductive learning methods that can be also categorized as feature projection
based algorithms. In the following sections. we will describe the IBL and NGE

methods briefly. Previcusly developed FPB methods will be discussed in detail

in Chapter 3.
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2.1.1 Instance-Based Learning

Instance-Based Learning (IBL) methods extend the classical nearest neighbor
algorithm, which has large storage requirements [3, 9]. IBL algorithms generate
classification predictions using only specific instances. Aha calls them also as
lazy learning algorithms since the concept description is a set of stored instances
[76]. All instances are represented as points on the d-dimensional Euclidean
space, where d is the number of features. The concept descriptions can change
incrementally after each training instance is processed. IBL algorithms do not
construct extensional concept descriptions. Instead, concept descriptions are
determined by how the IBL algorithm’s selected similarity and classtfication
functions use the current set of saved instances. There are three components in

the framework which describe all IBL algorithms as defined by Aha and Kibler

[5):

1. The similarity function computes the similarity between two instances

(similarities are real-valued).

The classification function receives the output of the similarity function

o

and the classification performance records of the instances in the concept

description, and yields a classification for instances.

3. The concept description updater maintains records on classification per-
formance and decides which instance are to be included in the concept

description.

These similarity and classification functions determine how the set of in-
stances in the concept description are used for prediction. So. IBL concept

descriptions contain not only a set of instances, but also these two functions.

Several IBL algorithms have been developed: IB1. IB2. IB3, IB4 and IB5

[3.5]. IB1 is the simplest one and it uses the similarity function computed as
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stmilarity(z,y) = —J Z diff(f,x.y)? (2.1)
f=1

|z; —ys| if fis linear
diff(f.a,y) = 0 if f is symbolic and ry =y, (2.2)
1 if f is symbolic and xy # y;

where & and y are the instances.

IB1 is identical to the nearest neighbor algorithm except that it processes
training instances incrementally and simply ignores instances with missing fea-
ture value(s). Since IB1 stores all the training instances, its storage requirement
is quite large. IB2 is an extension of [BI, it saves only misclassified instances
reducing storage requirement. On the other hand. its classification accuracy
decreases in the presence of noisy instances. IB3 aims to cope with noisy in-
stances. IB3 employs a significance test to determine which instances are good
classifiers and which ones are believed to be noisy. Once an example is deter-
mnined to be noisy, it is removed from the description set. B2 and IB3 are also

incremental algorithms. IB1, IB2, and IB3 algorithms assume that all features

have equal relevance for describing concepts.

To study the effect of relevances of features in IBL algorithms, IB4 has been
proposed by Aha [3]. In this study, different feature weights are learned for
different concepts; a feature may be highly relevant to one concept and com-
pletely irrelevant to another. So, IB4 has been developed as an extension of
IB3 that learns a separate set of feature weights for each concept. Weights are
adjusted using a simple feedback algorithm to reflect the relative relevances
of the features to describe instances. These weights are then used in IB4's
similarity function which is a Euclidean weighted-distance measure of the sim-
ilarity of two instances. Multiple sets of weights are used because similarity
is concept-dependent, the similarity of two instances varies depending on the
target concept. B4 decreases the effect of irrelevant features on classification

decisions. Therefore, it is quite successful in the presence of irrelevant features.
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The problem of novelty is defined as the problem of learning when novel
featurcs are used to help describe instances. IBd. similar to its predecessors,
assumes that all the features used to describe training instances are known
before training begins. However, in several learning tasks, the set of describing
features is not known beforchand. IB5 [3], is an extension of [B+ that tolerates
the introduction of novel features during training. To simulate this capability
during training, IB4 simply assumes that the values for the (as yet) unused
feature are missing. During training. IB4 fixes the expected relevance of the
feature for classifying instances. IB5 instead updates the weight of a feature
only when its value is known for both of the instances involved in a classification

attempt. IB5 can therefore learn the relevance of novel features more quickly

than [B4.

Also noise-tolerant versions of instance-based algorithms have been devel-
oped by Aha and Kibler [4]. These learning algorithms are based on a form of

significance testing, that identifies and eliminates noisy concept descriptions.

2.1.2 Nested-Generalized Exemplars

Nested-generalized exemplar (NGE) theory is a variation of exemplar-based
learning [62]. In NGE, an exemplar is a single training example, and a general-
ized exemplar is an axis-parallel hyperrectangle that may cover several training
examples. These hyperrectangles may overlap or nest. Hyperrectangles are

grown during training in an incremental manner.

Salzberg implemented NGE in a program called EACH (Exemplar-Aided
Constructor of Hyperrectangles) [63]. In EACH, the learner compares new

examples to those it has seen before and finds the most similar generalized

exemplar in memory.

NGE theory makes several significant modifications to the exemplar-based
model. It retains the notion that examples should be stored verbatim in mem-
ory. but once it stores them, it allows examples to be generalized. In NGE
theory, generalizations take the form of hyperrectangles in d-dimensional Eu-

clidean space, where the space is defined by the feature values measured for
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cach example. The hyperrectangles may be nested one inside another to arbi-
trary depth, and inner rectangles serve as erceptions to surrounding rectangles
[62]. Each new training example is first classified according to the existing
set of classified hyperrectangles by computing the distance from the example
to each hyperrectangle. If the training example falls into the nearest hyper-
rectangle. then the nearest hyperrectangle is extended to include the training
cxample. Otherwise, the second nearest hyperrectangle is tried. This is called
as second match heuristic. If the training example falls into neither the first
nor the second nearest hyperrectangle, then it is stored as a new (trivial point)

hyperrectangle.

A new example will be classified according to the class of the nearest hy-
perrectangle. Distances are computed as follows: If an example does not fall
into any existing hyperrectangle, a weighted Euclidean distance is computed.
If the example falls into a hyperrectangle, its distance to that hyperrectangle is
zero. If there are several hyperrectangles having equal distances, the smallest
of these is chosen. The EACH algorithm computes the distance between a new

data point e and a hyperrectangle H, by measuring the Euclidean distance

between these two objects as follows:

d(e, H, f)

n
Den = Uv-‘H\ng (wfm)z (2.3)
where
€ — Hyupper €5 > Hyupper
d(e’ H, f) = Hf,lower —er €< Hf,[owe,- (24)
0 otherwise

where wy is the weight of the exemplar H, wy is the weight of the feature f, e;
is the value of the fth feature on example e, Hy ypper OF Hy jouer are the upper
end of the range and lower end, respectively, on fth feature on exemplar H.
max; and miny are the minimum and maximum values of that feature, and n

is the number of features recognizable on e.

The EACH algorithm finds the distance from e to the nearest face of H.

There can be several alternatives to this, such as using the center of H. If
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test, C

Y
M

Figure 2.2. An example concept description of the EACH algorithm in a do-
main with two features.

the hyperrectangle H is a point hyperrectangle. representing an individual

example, then the upper and lower values becomes equal.

If a training instance e and generalized exemplar H are of the same class,
that is, a correct prediction has been made. the exemplar is generalized to in-
clude the new instance if it is not already contained in the exemplar. However,
if the closest hyperrectangle has a different class then the algorithm modifies
the weights of features so that the weights of the features that caused the

wrong prediction is decreased. This is how the EACH algorithm learns feature

welghts.

The original NGE was designed for domains with continuous features only.

Discrete features require a modification of the distance and area computations

for NGE.

&~

In Figure 2.2, an example concept description constructed by the EACH
algorithm is presented for a domain with two features f; and f,. Here, there
are three classes, A, B and C, and their descriptions are rectangles (exemplars)
as shown in Figure 2.2. The rectangle A contains two smaller rectangles. B and
(', in its region. Therefore, B and C are exceptions inside the rectangle A. The
NGE model allows exceptions to be stored quite easily inside hyperrectangles,

and exceptions can be nested any number of levels. The test instance, that is
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marked as test in Figure 2.2, falls into the rectangle C. since it is smaller, so

the prediction will be the class value C for this test instance.

2.1.3 Feature Projection Based Learning

The Feature Projection Based Learning algorithms all generalize the feature
projections of the training instances in learning the concept descriptions. The
previously studied techniques categorized as feature projection based learning
methods under exemplar-based generalization are the Classification by Feature
Partitioning (CFP) [31, 32. 71], the Classification by Overlapping Feature In-
tervals (COFI) [73], Feature Intervals Algorithms (FIL) [7]. and the k& Nearest
Neighbor on Feature Projections (k-NNFP) (8] algorithms. The FPB mod-
els are further classified as Single-Class Intervals and Multi-Class Intervals as
shown in Figure 2.1. The CFP and the FIL algorithms are Single-Class In-
tervals algorithms. The COFI algorithm is a Multi-Class Intervals algorithm.
On the other hand, the k-NNFP algorithm also based on feature projections
can be categorized as both Single-Class and Multi-Class. The classification of
unseen instances in the FPB models are based on a voting among the indi-
vidual predictions made by using the local information individually stored on

each feature. The discussion of these algorithms are presented in Chapter 3 in

detail.

2.2 The Nearest Neighbor Classifier

One of the most common and simplest classification algorithms is the Nearest
Neighbhor (NN) algorithm. In the literature. nearest neighbor algorithms for
learning from examples have been studied extensively [17, 18, 24]. Although
other machine learning techniques such as decision trees [33] have been the
subject of much recent experimental work, the nearest neighbor algorithms
continues to stay as an accurate learning technique [64]. The nearest neighbor
learning algorithms have been shown to work as well as other machine learning

methods despite their simplicity [16, 18, 68]. It seems that nearest neighbor
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methods will continue to be cited as a basis of comparison with other methods.

The NN classification algorithm is based on the assumption that examples
which are closer in the instance space are of the same class. That is, unclassified
ones should belong to the same class as their nearest neighbor in the training
dataset. After all the training set is stored in memory, a new example is clas-
sified as the class of the nearest neighbor among all stored training instances.
Although several distance metrics have been proposed for NN algorithms [64].
the most common one is the Euclidean distance metric. The Euclidean distance
between two instances & =< xy,&2,...,84, Cy > and y =< y1, ¥, ...y2, Cy > on

an d dimensional space is computed as:

d
dist(r,y) = Z wg X diff(f,z,y)? (2.5)
f=1
lz; —ys| if fis linear
diff(f.z,y) = 0 if f is nominal and z; =y (2.6)

1 if f is nominal and z; # ys

Here w; denotes the weight for feature f and for all features wy = 1 in standard
NN and diff(f,x,y) denotes the difference between the values of instances r,
and y on feature f. Note that this metric requires the normalization of all

feature values into a same range by computing the maximum and minimum.

Although several techniques have been developed for handling unknown
(inissing) feature values [57, 58], the most common approach is to set them to

the mean of the values on corresponding feature.

Stanfill and Waltz introduced the Value Difference Metric (VDM) to define
the similarity for discrete (nominal) features and empirically demonstrated its
henefits [68]). The VDM computes a distance for each pair of the different values
a nominal feature can assume. It essentially compares the relative frequencies of
each pair of distinct values across all classes. Two feature values have a small
distance if their relative frequencies are approximately equal for all output

classes. Cost and Salzberg presented a nearest neighbor algorithm that uses a
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modification of VDM, called MVDM (Modified Value Difference Metric) [16].
The main difference between MVDM and VDM is that their method’s feature
value differences are symmetric. This is not the case for VDM. A comparison

of MVDM and Bayesian classifier is presented in [39].

NN algorithm can be quite effective when the features of the domain are
equally important. However, it can be less effective when many of the features
are misleading or irrelevant to classification. To avoid this problem, weakly rel-
cvant features should have lower weights and strongly relevant features should
have higher weights in Equation 2.5 where the weight of a feature f is rep-
resented by wy. Assigning different weights to the features of the instances
hefore applying the NN algorithm distorts the feature space, modifying the
importance of each feature to reflect its relevance to classification. In this way,
similarity with respect to relevant features becomes more critical than similar-
itv with respect to irrelevant features. A weight learning method for the NN

algorithm will be described in Chapter 6.

In fact NN is a specialization of a more general algorithm called the k-
Nearest Neighbor algorithm (k-NN), which classifies a new instance by a ma-
jority voting among its k£ (> 1) nearest neighbors using some distance metrics

in order to reduce the effect of noisy training instances.

An average-case analysis of A-NN classifiers for Boolean threshold functions
on domains with noise-free Boolean features and a uniform instance distance
distribution is given by Okamoto and Satoh [53]. They observed that the
performance of the k-NN classifier improves as k increases, then reaches a
maximum before starting to deteriorate, and the optinum value of & increases

gradually as the number of training instances increases.

2.3 Decision Trees

One of the most well known and widely experimented inductive learning ap-
proaches is decision trees. The original idea goes back to the work by Hunt,

Marin and Stone [37]. Other researchers have arrived independently at similar
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methods such as the CART system [13]. This same idea also produces ID3
[553]). PLS1 [60], ASSISTANT [14]. The principal name for Quinlan’s famous
decision tree induction program is C4.5 [58]. which is the descendant of an

earlier version called ID3.

Given a set of preclassified instances. decision tree learning systems generate
a tree structure that can be used to classify new instances. Each instance is
described by a set of feature values, which can have either continuous (linear)
or discrete (nominal) values, with the corresponding class (category) label. A

decision tree is either

e a leaf, indicating a class, or

e a decision node that specifies some test to be carried out on a single

feature value, with one branch and subtree for each possible outcome of

the test.

A new test instance is classified by starting at the root of the tree and moving
through it until a leaf is encountered. At each nonleaf decision node, the test
at the node shifts the search to the branch determined by the corresponding
feature value of the test instance. When this process finallv reaches a leaf node,

the class label stored at the leaf node is returned as the predicted class value

of the test instance.

Decision trees are built using a divide and conquer approach. The skeleton
of decision tree construction from a set T of training instances is simple. Let

the classes be denoted Cy, Cs, ..., Ci. There are three possibilities:

e T contains one or more instances, all belonging to a single class C;:

The decision tree for T is a leaf identifyving class (.

e T contains no cases:
The decision tree is again a leaf, but the class to be associated with the

leaf must be determined from information other than 7. For example,

(4.5 uses the most frequent class at the parent of this node.
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o 1" contains cases that belong to a mixture of classes:
In this situation, the idea is to refine T into subsets of instances that seem
to be single—class collections of instances. A fest is chosen, based on a
single feature, that has one or more mutually exclusive outcomes O;. O,.
.... O,. T is partitioned into subsets Ty, T,. .... T,,, where T; contains
all the cases in T that have outcome O; of the chosen test. The decision
tree for 7" consists of a decision node identified by test, and one branch
for cach possible outcome. The same procedure is applied recursively for
each subset of training instances produced by this test. That is. the :**

branch leads to the decision tree constructed from the subset T;.

Each internal node contains a test that will partition the training instances.
The most important decision criteria in decision tree induction is how to decide
the best test on a given node. One must use some heuristics to find the best
decision nodes because the problem of finding the best decision tree is NP-
complete. C4.5 uses information-gain criterion to evaluate the goodness of a
test. Given a set of training instances T and a test X with n outcomes. the

information can be found as the weighted sum over the subsets:

o
-~
~—

n Ti '
infox(T) = Zlﬁj—ll x i fo(T;) (2.

i=1

The information gain that is gained by partitioning T according to this test X
is:

gun(X)=wmfo(T) — infox(T) (2.8)

The information-gain criterion selects the test to maximize this information

gain. Although this criterion gave quite good results, it has a strong bias for

tests with many outcomes. To overcome this bias problem, another criterion,

called gain ratio criterion is introduced [58]:
gain ratio(X) = gain(X) / split info(X) (2.9)

where split info(X) is defined as:

. =T T;
split info(X) = — Z T Iogg(llﬂl) (2.10)

=1

split in fo represents the potential information generated by dividing T into n

subsets. Information gain measures the information relevant to classification
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arising from the division. Then, the gain ratio is the proportion of information

generated by the division that appears helpful.

There are three tests considered in C4.5:

e The standard test on a discrete feature. with one outcome and branch

for each possible value of that feature.

e A more complex test. based on a discrete feature. in which the possible
values are allocated to a variable number of groups with one outcome

for each group rather than each value. This form of test is optionally

invoked in C4.5.

e For a continuous feature f, a binary test with outcomes f < V and
f > V. based on comparing the value for f against a threshold value V.
To find a threshold value, the instances are first sorted with respect to
the values of the feature f. Let those sorted values be vy, vy, ..., V.
The midpoint between each v; and v;4; is considered as a representative

threshold and m — 1 such midpoints are all examined as a candidate

threshold.

The construction process of a decision tree makes use of a hidden assump-
tion that the outcome of a test for any instance can be determined. The
outcome of a test is both required when partitioning a set T into subsets T;
and when classifying a test instance using a decision tree. Since every test is
based on a single feature, the outcome of a test can not be determined unless
the value of that feature is known. The solution of C4.5 to overcome the prob-
lem of unknown (missing) feature values in training, is to evaluate the tests by
simply ignoring the instance with unknown value i.e. excluding that instance in
the gain calculations. Then the partition is done according to the selected test
and the instance with missing value is inserted in all subsets with a probability
to be in that subset. When classifying a test instance, if a decision node having
a test that is unknown is reached, all possible outcomes are explored and the
probabilistic classifications are combined arithmetically. Then the class with

the highest probability is the predicted class of the test instance.
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Another problem with decision trees is that the resulting tree of C4.5 is often
a very complex tree that “overfits the data™ by inferring more structure than
is justified by the training instances. A decision tree is not usually simplified
by deleting the whole subtree in favor of a leaf. Instead. the idea is to remove
parts of the tree that do not contribute to classification accuracy on unsecen
instances, producing something less complex and thus more comprehensible.

This process is known as the pruning [58].

A simpler decision tree learning approach. called IR system. is later pro-
posed by Holte [36]. It is based on the rules that classify an object on the
basis of a single feature that is, they are 1-level decision trees. called I-rules
[36). The input of the IR algorithm is a set of classified training instances and
the output is a concept description in the form of l-rule. Since each feature
is considered separately in 1R system, missing feature values can be simply
ignored instead of ignoring the instance containing missing value. Then, one of
the concept descriptions on a feature is chosen as the final concept description

by selecting the one that makes the smallest error on the training dataset.

Holte used sixteen datasets, fourteen of which were selected from the collec-
tion of UCI-Repository [51], to compare 1R and C4.5 [36]. The main result of
comparing 1R and C4.5 was an insight into the tradeoff between simplicity and
accuracy. 1R rules are only a little less accurate (about 3 percentage points)
than C4.5’s pruned decision trees on almost all of the datasets. Decision trees
formed by C4.5 are considerably larger in size than 1-rules. Holte shows that

simple rules such as IR are as accurate as more complex rules such as C4.5.

Another decision tree algorithm is T2 (decision trees of at most 2-levels)
[12]). Its computation time is almost linear in the size of training set. The T2
algorithm is evaluated on 15 common real-world dataset. It is shown that the

most of these datasets, T2 provides simple decision trees with little or no loss

in accuracy compared to C4.5.

SADT [34] and OC1 [32] are decision tree induction methods, which par-
tition instances using oblique hyperplanes. Standard decision tree techniques,
such as C4.5 [58], partition a set of points with axis-parallel hyperplanes

whereas oblique decision tree algorithms attempts to find hyperplanes at any
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orientation. SADT and OCL use a randomized approach for generating de-
cision trees using non-axis-parallel hyperplanes. The purpose of these more
general techniques is to find smaller but more accurate decision trees and the
experiments have shown that in some cases they produce small trees without

losing predictive accuracy.

2.4 Naive Bayesian Classifier

Bavesian classifier originating from work in pattern recognition is a probabilis-
tic approach to inductive learning [24, 29]. Given the observed feature values
for an instance and the prior probabilities of classes. the a posteriori probabil-
ity that an instance belongs to a class is estimated. The class with the highest
estimated probability is predicted as the class of the instance. Bavesian classi-
fiers assume that features may be statistically dependent. On the other hand,

Naive Bayesian Classifier assumes that features are independent.

Bayes Decision Theory is a probabilistic approach to the problem of pattern
classification. The prediction of a class label depends on probability values and

it is assumed that all of the relevant probability values are known.

Suppose we are given a domain defined by d features and with & classes.
The classification problem is to predict a class among k classes for the un-
seen example using the concept description induced from training instances.
The probabilistic representation of a concept stores probabilistic information
about each class. This information includes P(C;), which specifies the a pri-
ori probability that one will observe a member of class C;, and a set of con-
ditional probabilities, specifving a probability distribution for each feature.
From this probabilistic concept description and a given feature value vector
X =< Ij,...,xrq > of the new example to be classified, the a posterior: prob-
ability P(C:|x) for each class are computed. Bayes rule allows us to compute
the a posteriori probability P(C|x) using the a priori probability P((’) and
the class conditional density p(x|C;):
p(XIC)P(C.) o)

P(Cilx) = ()
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where

r
p(x) = Zp(x[C,-)P(C,-) (2.12)
=1

There are many different ways to represent classifiers. One way is in terms
of a set of discriminant functions g¢;(x). ¢ = l...,k where & is the number of

classes. The classifier is set to assign a feature vector x to class (7; if
gi(x) > g;(x) for all ¢ # . (2.13)

Thus, the classifier can be viewed as a machine that computes discriminant

functions and sclects the class (category) whose discriminant function has the

largest value.

For the general case we can let g;(x) = P(Ci|x), so that the maximum
discriminant function corresponds to the maximum a posterior: probability.

The classifier would simply select the class C'; with maximum P(C;|x).

The choice of discriminant functions is not unique. More generally, if every
gi(x) is replaced by f(gi(x)), where f is a monotonically increasing function, the
resulting classification is unchanged. This observation can lead to significant
analytical and computational simplifications. In particular, for minimum-error-
rate classification, any of the following choices gives identical classification
results, but some can be much simpler to understand or to compute than

others [24]:
gi(x) = P(Ci,x) (2.14)

) PIICIP(C) |
) L PRICP(C) .

gi(x) = P(x|C)) P(C) (2.16)

gi(x) = log P(x|C;) + log P(C) (2.17)

Even though the discriminant functions can be written in a variety of forms,

the decision rules are equivalent. The effect of any decision rule is to divide
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train(T rainingSet):
begin
for each feature f
for each class ¢
find all distinct values of f in examples of class ¢ in T'rainingSet
for each distinct value v
count the number of examples of class ¢ /* call count[v, c] */

end.

Figure 2.3. The Training in the NBC Algorithm.

the feature space into & decision regions, Ry..., Ri. If gi(x) > g;(x) for all
! # j. then x is in R; and the decision rule calls for us to assign x to C;.
The regions are separateci by decision boundaries. surfaces in feature space
where ties occur among the largest discriminant functions. If R; and R; are

contiguous. the equation for the decision boundary separating them is
gi(x) = gj(x). (2.18)

While this equation may appear to take different forms depending on the forms
chosen for the discriminant functions. the decision boundaries are, of course,
the same. For points on the decision boundary, the classification is not uniquely
defined. For a Bayes classifier, the conditional risk assocjated with either de-
cision is the same, and it does not matter how ties are broken. No matter
which discriminant function is used, P(x|C;) has somehow to be computed.
Since Naive Bavesian Classifier assumes that features are independent, it can

be computed as follows:

n

P(x|C) = [T P(z/IC:). (2.19)
f=1

The training in a particular implementation of the Naive Bayesian Classi-
fier is given in Figure 2.3 and the classification is given in Figure 2.4. This
particular implementation, which is called as NBC, estimates the conditional
probability density functions p(z;|C;) for a given feature value x; for the f
fcature using the frequency of observed instances around z;. This probabil-

ity density estimation algorithm is given in Figure 2.5. P(zs|C;) for nominal
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classifv(e):
begin
for each class ¢
/* elass_count[c]: number of examples that have the class value ¢ */
gle] = class_count[e] / (number of training examples)

for each feature f
gle] = g[c] * probability(e. f. c)

return class ¢ with highest g[c]
end.

Figure 2.4. The Classification in the NBC Algorithm.

features is the ratio of the number of training examples of class C; with value
v for feature f over total number of training examples of class C;. P(x/|C;)
for continuous features is computed using the frequency of examples of class
(', with the smallest value larger than x; and the largest value smaller than
xs. Instead of this approach for continuous features used in NBC, continuous
features are discretized into 10 bins of uniform size in MLC++ [43] and the
conditional probability is computed as done for nominal features using the fre-
quency counts. If there is a class value with zero counts, that class is ignored
and never be predicted. If there are no examples for class C; with feature value
xy for feature f, the conditional probability, P(x;|C;), will be zero. In our cur-
rent NBC implementation, for continuous features P(z;|C;) is estimated using
the frequency of examples of class C; having values around ;. But for nominal
features, the zero conditional probability is kept as it is and the conditional
probability, P(x|C;), becomes zero, which eliminates C; from consideration.

Some other approaches to avoid a zero estimate for P(x|C;) are proposed by

Kohavi [42].

Some other implementations of Naive Bayesian Classifier assume a particu-
lar distribution such as normal distribution for continuous features. The struc-
ture of a Bayes classifier is determined primarily by the conditional probability

densities p(x;|C;) and the probability density function for normal distribution
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probabilitv(e, f, ¢):
begin
if fis a nominal feature
return { countleys, c] / class_count|c] )

else /* f is continuous */
if e; has seen in the training examples of class ¢ then

if e; is the only value of f in the training set
return (1.0)

else if es is the smallest value of f in the training set
count = countley, | / (smallest_of larger - ey)

else if ey is the largest value of f in the training set
count = countles, c] / (es - largest_of _smaller)

else /* e is in the middle of some values */
dif ference = smallest_of larger - largest_of _smaller
count = countleys, ¢] / dif ference * 2

else if e; is smaller than the smallest value of f in examples of class ¢
count = count[smallest, c] / (smallest - ej)

else if e is larger than the largest value of f in examples of class ¢
count = count[largest, c} / (largest - e;)

else /* there are values smaller and larger than e; */
dif ference = smallest_of larger - largest.of _smaller
count = (count[smallest_of larger. c]+count[largestof _smaller, c])

/2] dif ference

return ( count / class_count|c] )

ond.

Figure 2.5. Computing the a posteriori probabilities in the NBC Algorithm.
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Is as follows:
|

Dro?

The normal density is completely specified by two parameters, the mean u and

p(xs) = e~lrrm /20 (2.20)

the variance o?. We say that x; is normally distributed with mean x and vari-
ance 2. Since we are trying to find the conditional probability distribution of
values x; given that the class value is C;, we compute the mean and variance
for each class separately. That is. the mean and the variance of the x; values of
each class (7; examples define the conditional probability distribution of feature
[ given that the class is C;. Another Naive Bayesian Classifier developed dur-
ing this thesis assumes normal distribution for continuous features and treats

nominal features as usual, which we call NBCN in short throughout this thesis.

Naive Bayesian Classifiers handle missing (unknown) feature values by sim-
ply ignoring the feature with the missing value instead of ignoring the whole
instance. When an instance z has an unknown value for feature f, the condi-
tional probabilities (P(zs|C;)) of each class C; are assigned to 1, which has no
effect on the product of probabilities distributed by each feature. Therefore,
the probabilities of classes are computed by only the features having known

values and the features having unknown values are simply ignored.

Naive Bayesian Classifier assumes that the features are independent from
cach other. It is a classical classification algorithm originating from work in
pattern recognition and has been found successful in terms of classification
accuracy in many domains, including medical diagnosis, compared with As-
sistant, which is an ID3-like [55] inductive learning system. It has also been

concluded that induction of decision trees is relatively slow as compared to

Naive Bayesian Classifier [44].



Chapter 3

Feature Projection Based

Learning Models

Feature projections for knowledge representation constitutes the background
for this thesis. Given a set of training instances with class labels, knowledge
for concepts (or classification) is maintained as the projections of the training
set on each feature dimension separately. The rationale behind this knowledge
representation is that humans maintain knowledge in this form, especially in
medical domains. An example for this approach is the CRiteria Learning Sys-
tem (CRLS) [72], which aims to learn decision rules in the form of criteria
tables as humans do. The most important advantage of this representation is
that the projections of the feature values can be organized for each feature in
a way that it reduces the time for the computation of similarity to all training
instances for nearest neighbor like techniques. An additional advantage is the
casy and natural handling of missing feature values. On the other hand, the
disadvantage of the representation by feature projections is that it is possible to

lose the knowledge conveved by the combination of the individual information

encoded by several features together.

First, I will describe the k-Nearest Neighbor on Feature Projections (k-
NNFP) algorithm [8], which is a new version of the classical £&-NN algorithm

and uses feature projections knowledge for representation.
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After describing the k&-NNFP algorithm. the first feature projection based
classifier called as the Classification by Feature Partitioning (CFP) algorithm
[32] is explained. The basic unit of representation —a disjoint feature interval—
in the CFP algorithm represents only one class for a range of values in a feature.
Then the Classification by Overlapping Feature Intervals (COFI) algorithm
[73] was developed to make the basic unit of representation —an overlapping
feature interval— more powerful by allowing it to represent more than one
class. The common property of the CFP and the COFI algorithmns is that they
both consider each feature separately in an incremental manner. Incremental
learning algorithms are sensitive to the presentation order of the instances. In
order to prevent such an effect, the next feature projection based algorithms
are developed in non-incremental fashion. One of them is the set of Feature
Intervals Learning (FIL) algorithms [7] and the other is the set of Voting Fea-
ture Intervals (VFI) algorithms [22], which make up the main subject of this
thesis. Both FIL and VFI algorithms do not require any domain dependent
parameters as the CFP and COFT algorithms do.

Next section describes the k-NNFP algorithm. Section 3.2 and 3.3 discusses

the CFP and the FIL algorithms respectively. The COFI algorithm is explained

in Section 3.4.

3.1 K Nearest Neighbor Classification on Fea-

ture Projections

K Nearest Neighbor on Feature Projections (A-NNFP) [8] is a non-incremental
supervised learning algorithm which also represents the concept descriptions
as the projections of the training instances on each feature dimension. The
classification is based on a majority voting on individual classifications of each
[eature. To determine the individual classifications of each feature, A~nearest
neighbor algorithm is applied on that feature projection of instances. The
k-NNFP algorithm based on feature projections can be categorized as both
Single-Class and Multi-Class under FPB learning models (see Figure 2.1). It

can be categorized as Single-Class because the projections of single instances
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are kept without any generalization in the A&-NNFP algorithm. It can also be
categorized as Multi-Class when & > [ because in the majority voting several

classes are represented by the & neighbors of the instance to be classified.

In the training phase, each training instance is stored simply as its projec-
tions on each feature dimension. If the value of a training instance is missing
for a feature, that instance is not stored on that feature. In order to classify an
instance. a preclassification separately on each feature dimension is performed.
During this preclassification, the A-NN algorithm on that single dimension is
used. That is, for a given test instance ¢ and feature f. the preclassification
for & =1 will be the class of the training instance whose value on feature f
1s the closest to that of the . For a larger value of k. the preclassification is
a bag (multiset) of classes of the nearest & training instances. In other words,
cach feature has exactly k& votes. and gives these votes for the classes of the
nearest training instances. In some cases, especially for nominal features, there
may be ties to determine the first & nearest neighbors. In such cases ties are
broken randomly. For the final classification of the test instance ¢. the preclas-
sification bags of each feature are collected using bag union. Finally, the class
that occurs most frequently in the collection bag is predicted to be the class of
the test instance. In other words, each feature has exactly k votes, and gives
these votes for the classes of the nearest training instances. Since each feature

is processed separately, no normalization of feature values is needed.

The distance between the values on a feature dimension is computed using

di ff(f, r.y) metric as follows:

|zs —ys| if fis linear
diff(f,x,y) = 0 if fis nominal and x; = y; (3.1)
1 if fis nominal and xy # yy

The A-NNFP algorithm handles unknown feature values in a straight for-
ward manner. If the value of a test instance for a feature f is missing, then
feature f does not participate in the voting for that instance. The final voting
is done between the features for which the test instance has a known value.

That is, unknown feature values are simply ignored.
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A set of experiments have been performed to evaluate the k-NNFP algo-
rithm on some real-world datasets for & = 1,2,...10 [8]. These experiments
show that the k-NNFP algorithm achieves comparable accuracy with the k-
NN algorithm. On the other hand, the average running time of the k&-NNFP
algorithm is much less than that of the k&-NN algorithm. The reason for this is
that the £-NNFP algorithm treats feature values independently, whereas the
k-NN algorithm treats all instances as points in d-dimensional Euclidean space.
The k-NNFP algorithm stores the feature projection of the training instances
in a sorted order. Therefore, the classification of a new instance requires a
simple search of the nearest training instance value. On the other hand, in
the k-NN algorithm, a new search must be done for each test instance in the
whole Euclidean space. The experiments also have shown that the classifica-
tion accuracy of the k-NNFP algorithm usually increases when the value of &
increases [8]. On the other hand, it has been observed that the increase in the

value of k£ does not result in a parallel increase in the accuracy of the A-NN

algorithm.

3.2 Classification by Feature Partitioning

The Classification by Feature Partitioning (CFP) algorithm is a method for
learning from examples that uses feature projections for knowledge representa-
tion [31, 32, 71]. It is an incremental supervised inductive learning algorithm
where instances are stored by their feature projections over each feature dimen-
sion. In the training phase, disjoint feature intervals (also called as interval
in this section shortly) of concept definitions are constructed by generalization
and specialization. An interval representing a single class is a basic unit of
knowledge representation in this algorithm, therefore the CFP algorithm can
be categorized as a Single-Class FPB learning algorithm (see Figure 2.1. For
each interval, lower and upper bounds of the feature values, the associated

class, and the number of instances it represents are maintained.

Initially, an interval is a point on a feature dimension. It can be extended



CHAPTER 3. FEATURE PROJECTION BASED LEARNING MODELS 31

. . c
Order of Training Instances !
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x
e = <X;,Cc,;> t
, = <X2,c >
;5 <Xy,c > b)-
e4 = <X4’Cl>
es = <X,5 1 Cy>
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)

Figure 3.1. Construction of intervals in the CFP algorithm: (a) after e; is
processed, (b) after e, is processed, (c) after e is processed, (d) after all training
instances are processed.

through generalization with other neighboring points in the same feature di-
mension. In order to avoid overgeneralization, a parameter, called generaliza-
tion limit (Dy), is provided by the user as a domain dependent parameter.
Before generalizing an interval on a feature dimension f to cover a new point,
the distance between the interval and the new point must be less than Dj.
Otherwise, the new value forms a new point interval on that feature dimen-
sion. During training, if the feature value of a training instance falls into an
interval properly with the same class, simply the representativeness value is in-
cremented by one. However, if it falls into an interval with a different class than
that of the instance, specialization of that interval is made by dividing it into
subintervals and inserting a point interval for the new value in between them.

The representativeness values of these new intervals are updated according to

their sizes.

Figure 3.1 shows the construction of intervals in the CFP algorithm. Let us
consider a training dataset with only one feature. The first instance e, forms
a point interval at the feature value z, on this feature dimension. After the
second instance e;, a range interval is constructed and its lower and upper

bounds are z, and z,, respectively, since these two instances have the same
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class, as shown in Figure 3.1.b. Here, we assume that the generalization dis-
tance is greater than the difference between z; and z;. The third instance with
different class, C, specializes the interval into two subintervals by inserting a
new point interval in between them. In Figure 3.1.c, the fourth instance eq
with class C} just increases the representativeness count of the interval that
covers it. Let us assume the next three instances belong to class C,, and their
related feature values are between z4 and z,. In this case, the interval [z3, ;]
in Figure 3.1.b is partitioned into four intervals for class C; and point intervals

are constructed for the second class C, as shown in Figure 3.1.d.

During the training process in the CFP algorithm, feature weights and fea-
ture intervals of each concept are learned in an incremental manner. Initially,
all feature weights are taken as 1. Assume that a new training example is
misclassified by a feature f. Then the weight of that feature (wy) is decreased
by multiplying it by (1 - A). Otherwise, it is increased by multiplying it by (1
+ A). Here, A is the global feature adjustment rate, given as a parameter to

CFP.

Classification of an unseen instance is based on a vote taken among the
predictions made by each feature separately. The prediction of a feature is
determined by the value of that instance on that feature. If it falls into an
interval with a known class, then the prediction is the class of that interval.
If it falls on a point interval, the class with highest representativeness value is
chosen among all the intervals at that point. If it doesn’t fall in any interval,
then no prediction for that feature is made. The effect of the prediction of
a feature in the voting is proportional to the weight of that feature. The
final classification is based on a weighted majority voting taken among local

predictions of features.

In the CFP algorithm, feature intervals are constructed as disjoint sets of
feature values. However, intervals may have common boundaries. In such cases,
the representativeness values of the intervals are used to determine the predic-

tion: the class label of the interval which has the maximum representativeness

value is predicted.

Several extensions to the CFP algorithm have been presented in order to
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Order of Training Instances

63 = <X, 1 C,>
e7 =<X7,c2>
e5 = <X5,c2>
eG=<X6,Cz> ¢
e, =<X,,c;> b) JI{
e1= <X1,c1> '

e =<X2,c >
1

Figure 3.2. Construction of intervals in the CFP algorithm by changing the
order of the training instances. Note that here the same set of instances in
Figure 3.1, but in a different order, is used as the training set: (a) after e3, ez,
es and eg are processed, (b) after all instances are processed.

handle noisy values [70, 71] and determine the domain dependent parameters

(D; and A) of the CFP algorithm [31].

In the noise-tolerant version of the CFP algorithm, feature intervals that
are believed to be introduced by noisy examples are removed {from the memory
[71]. A new parameter, called confidence threshold (or level) is introduced to
control the process of removing the intervals from the concept description. The
confidence threshold and observed frequency of the classes are used together

to decide whether an interval is noisy or not.

In order to learn feature weights and domain dependent parameters of the
CFP algorithm, a hybrid system, called GA-CFP, which combines a genetic
algorithm with the CFP algorithm has been developed [31]. The genetic algo-
rithm is used to determine a very good set of domain dependent parameters
(A and Dy for each feature) of the CFP, even when trained with a small set
of the data set!. An algorithm that hybridizes the classification power of the
feature partitioning CFP algorithm with the search and optimization power

of the genetic algorithm, called GA-CFP, requires more computation than the

'For example. 20% of all the training data set might be used.
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CFP algorithm, but achieves improved classification performance.

Figure 3.2 illustrates a limitation for the CFP algorithm. In order to see
the effect of the order of presentations of training instances, let us construct
intervals by the CFP algorithm by changing the order of training instances.
In this case, all instances with class C; were processed before other instances
with class C) in the previous example, then the intervals would have been
constructed as shown in Figure 3.2. Firstly, a range interval is constructed for
the class C; from the first four instances as shown in Figure 3.2a, and then
three point intervals are constructed for the last three instances of class C; as in
Figure 3.2b. The concept descriptions (intervals) in Figure 3.1 and Figure 3.2
are very different from each other although the same training instances were
processed. This indicates that the order of the instances is very important and
it affects the resulting concept descriptions considerably. The different concept
descriptions can classify a test instance as of different classes. For example,
the test instance < zg,7 > where r5 < g < zg Will be classified as C; by the

intervals constructed in Figure 3.1 and as C, according to feature intervals in

Figure 3.2.

The FIL algorithms [7] are non-incremental learning algorithms, thus offer a
solution to this problem. They are given all the training instances at once, and
constructs intervals independently from the presentation order of the training
instances. Next section will describe the FIL algorithms and illustrate the

construction of intervals for the same dataset in Figures 3.1 and 3.2.

3.3 Feature Intervals Learning Algorithms

Feature Intervals Learning (FIL) algorithms are a set of non-incremental su-
pervised inductive learning algorithms that also use feature projections to
represent the concept description [7]. From a set of training instances, FIL
algorithms construct disjoint intervals (also called as interval in this section
shortly) for each feature. An interval in the FIL algorithms represents a sin-
gle class, therefore the FIL algorithms can be categorized as Single-Class FPB

learning algorithms. In the basic FIL algorithm FI1, an interval is represented
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by four parameters: lower bound, upper bound, representativeness count and
associated class label. Lower and upper bounds of an interval are the minimum
and maximum feature values that fall into the interval respectively. Represen-
tativeness count is the number of the instances that the interval represents,
and the class label is the associated class of the interval. An interval is either
a point interval, whose lower and upper bounds are the same or a range in-
terval, whose upper bound is greater than its lower bound. A point interval
is either constructed from a single-class point, which is a value on a feature
dimension that belongs to a single class label or a multi-class point, which is a
value on a feature dimension that belongs to more than one class label. The
FIL algorithms construct the concept description by generalizing neighboring
same single-class points into range intervals. These range intervals are disjoint;
that is, a range interval rep'fesent,s only one class. However, multi-class points
represent more than one class and in that case a set of point intervals are
constructed for multi-class points. Therefore, both point and range intervals

constructed by the FIL algorithms represent a single class.

The classification is based on a majority voting taken among the individual
predictions of features. The classification of a feature is based not only on the
value of the test instance on that feature dimension but also on the feature
intervals constructed during the training phase. Each feature predicts only a
single class. FIL algorithms assume that features may have different levels of
relevances. Assuming equal relevance is a special case of weighted-voting; that
1s, each feature contributes to voting process with equal weights. The feature
weights are given to the FIL algorithms externally by the user. If they are not
given. then all features assume equal weights; so, each feature has the same

voting power in the determination of the final class prediction.

The classification on a feature is simply a search process on that feature
dimension. If the feature value of the test instance on that feature is contained
by an interval, then the prediction will become the class of that interval. If
it falls in a multi-class point, the class of the interval with the maximum
representativeness count will be predicted. Otherwise, if it is not contained
by any interval, then no prediction is made by that feature, hence no vote

is taken from that feature. In order to determine the final classification, the
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Figure 3.3. Construction of the intervals in the FIL algorithms with using the
same dataset as used in Figure 3.1 and Figure 3.2.

individual vote of each feature are summed up. The class which receives the
maximum vote is the classification for the test instance. The voting mechanism
of the FIL algorithms are similar to that of the CFP algorithm, where each
feature votes for only one class and when all the features are equally relevant,

the sum of these individual votes determine the final classification.

Figure 3.3 shows the intervals with their representativeness counts con-
structed by the FIL algorithms from the training datasets given in Figures 3.1
and 3.2. The first three intervals are point intervals constructed from single-
class points, the fourth is a range interval, and the last one is again a point
interval. The initial version FI1 [7] keeps the representativeness counts —the
number of training instances in the corresponding interval-- of each interval
as shown above each interval in Figure 3.3. Since the FIL algorithms process
all the training instances at once, the different orderings of the same set of
training instances shown in Figures 3.1 and 3.2 do not result in different set of
intervals. On the other hand, CFP might construct different set of intervals for
the same training dataset with different orderings. Moreover, FIL algorithms
do not require domain dependent parameters such as D; and A as in the case

of the CFP algorithm.

FI2 is the slightly modified version of the initial algorithm FI1 [7]. FI2
keeps the relative representativeness count, which is the ratio of the number of
training instances to the total number of training instances of the corresponding
class rather than absolute representativeness count. This might only change
the classification on multi-class points and FI2 is more fair than FI1 in the
sense thatl classes that appear less frequently have now a greater chance to be

predicted on multi-class points that they had in FII.
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Since after the training phase is completed, always the same class is pre-
dicted from multi-class points in classification, it is unnecessary to store several
point intervals for multi-class points. To eliminate this unnecessary storage,
FI3 [7] is investigated. The point interval having the maximum representa-
tiveness count is chosen as the class of the interval on a multi-class point.
The elimination of the point intervals with lower representativeness counts is a
kind of pruning, but FI3 is careful with this pruning when two classes have very
close representativeness counts. Therefore, the point interval kept is assigned
a weight equal to the the difference between two maximum representativeness
counts divided by the total number of representativeness counts of multi-class
points at that feature value. With this modification, the point intervals con-
structed after pruning contributes to the voting with that weight whereas range
intervals and point intervals constructed from single-class points have a vot-
ing weight of 1. This weight assigning step in FI3 causes the point intervals
constructed from single-class points to have the maximum weight of 1. But
these single-class points might be noisy intervals and to decrease the effect of
such intervals, FI4 is developed [7]. Training in FI4 is identical to FI3 except

normalization of feature interval weights according to class distributions in the

training set.

3.4 Classification with Overlapping Feature

Intervals

The Classification with Overlapping Feature Intervals (COFI) algorithm is an-
other incremental concept learning algorithm that uses feature projections to
generalize knowledge. Classification knowledge learned is maintained in the
form of overlapping feature intervals (also called as inferval in this section
shortly). The COFI algorithm makes generalizations to construct the concept
descriptions from a set, of preclassified training instances. Concept descriptions
learned by the COFI algorithm are represented as intervals on the class dimen-
sions for each feature. Since the overlapping feature intervals in the COFI
algorithm allow the representation of several classes instead of a single class,

it can be categorized as a Multi-Class FPB learning algorithm.
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Figure 3.4. An example of construction of intervals in the COFI algorithm:
(a) after €1, ez, €5 and e4 are processed, (b) after es and eg are processed.

In the training process, ¢éxamples are processed one by one and the corre-
sponding intervals on each class dimension for each feature are constructed.
The COFI algorithm performs the learning task by constructing the projection
of the concepts over each class dimension for each feature, that is, the COFI
algorithm learns the overlapping feature intervals for each feature. Learning
overlapping feature intervals is done by storing the objects separately in each
class dimension for each feature as class intervals of values. An interval consists
of four parameters: lower and upper bounds, representativeness count and a
class label. Lower and upper bounds of the interval are the minimum and max-
imum feature values that fall into the interval respectively. Representativeness
count is the number of the instances that the interval represents, and finally

the class label is the associated class of the interval.

The first task of the training process is the estimation of the current gen-

eralization distances, Dy, for each feature f. They are computed as:

D = (current_mazy — current_ming) * g. (3.2)

Here the current maximum and current minimum feature values are the
maximum and minimum values of the related feature seen up to the current

example and ¢ is the generalization ratio in the range [0,1]. D; values are
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updated by each new training example. Since current maximum and minimum
of features change through out the training process, the COFI algorithm is
affected also by the presentation order of the training instances. In the first
training instance, the maximum and the minimum values are equal to each
other and they are the first feature values of the related feature of the training
instance. Therefore, initially all the generalization distances are 0 for each
feature. If the feature values of the next training instance are different from
the previous example’s feature values, then one of the maximum and minimum
value of the related feature is updated so the generalization distance will also

be updated.

After deciding the generalization distance Dy, the intervals should be up-
dated according to D;. If the distance between the feature value of the new
example and the previously constructed intervals is greater than the Dy, then
the new example constructs & new point interval. Otherwise, simply the repre-
sentativeness count of the interval containing it is incremented by 1. The COFI
algorithm handles both the linear and nominal feature values. However, the
generalization process is applied only to linear type features. Nominal feature

values are not generalized, taking D; as 0 for nominal features.

Figure 3.4 illustrates the construction of overlapping feature intervals in the
COFT algorithm. This sample training set with one feature and two classes.
The incremental computation of Dy . for each class dimension is also shown in
the Figure 3.4. For this example, on the C; class dimension only point intervals
are constructed since the difference between feature values do not exceed Dy ;.
On the other hand, on the second class dimension, the value of the last training
instance forms a range interval, since the difference between feature values is

greater than Dy .

The classification of an unseen test instance is based on a majority voting
taken among the individual predictions based on the votes of the features. The
vote of a feature is based solely on the value of the test instance for that feature.
The vote of a feature is not {or a single class but rather a vector of votes, called
vole vector. The size of the vector is equal to the number of classes. An element
of the vote vector represents the vote given by the feature to the corresponding

class. The vote that a feature gives to a class is the relative representativeness
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generalization ratio g=0.5

Order of Training Instances
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1 10 fl
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Figure 3.5. An example of construction of intervals in the COFI algorithm
using the same set of training instances as in Figure 3.6, but in a different
order: a) after e;, €5, €3, and eg are processed, b) after e; and e4 are processed.

count of the class interval. The relative representativeness count is the ratio of
the representativeness count to the number of examples of the corresponding
class label. Since for most of the datasets, the instances are not distributed
normally in terms of their class values, this kind of normalization is required.
The vote vectors of each feature are added to determine the predicted class.
The class which receives the maximum vote is the final class prediction for the

test instance.

Generalization in the COFI algorithm is sensitive to the order of the train-
ing instances as shown in Figure 3.5, as in the CFP algorithm. Here, the order
of training instances are changed among same classes. We get a different con-
struction of overlapping intervals from this ordering of training instances, as

shown in Figure 3.5 since the initial generalization distances change.



Chapter 4

Classification by Voting Feature

Intervals

This chapter introduces the new classification algorithms developed during
this thesis. The common name for a set of non-incremental classifiers is Voting
Feature Intervals (VFI) and they all use the feature projections knowledge rep-
resentation scheme used in CFP, COFI, k-NNFP, and FIL algorithms described
in Chapter 3. They are called “Voting Feature Intervals” because feature in-
tervals are constructed on each feature dimension in the learning phase and the
corresponding intervals on each feature vofes for each class in the classification
phase of the VFI algorithms. VFI algorithms also consider each feature sepa-
rately as in the case of Naive Bayesian Classifier as well as the other feature
projection based learning methods. A voting scheme is used in classification to
combine the individual classifications of each feature similar to other {eature
projection based methods. The encouraging results and the advantages of the
feature projections knowledge representation and classification voting schemes
such as speed and handling missing feature values motivated us to come up with
this new classification technique. The concept is still represented as projections
on each featlure dimension separately, but the basic unit of representation ——a
feature interval— in the VFI algorithms is somewhat different from the inter-
vals of the CFP and the FIL classifiers. Unlike disjoint segments in CFP and

disjoint intervals in FIL algorithms, a feature interval can represent instances

41
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from a set of different classes instead of a single class. Thus, the VFI algo-
rithms can be categorized as Multi-Class feature projection based algorithms
(see Figure 2.1). The voting scheme used in classification is also modified in
the VFI algorithms, such that each feature distributes its vote among classes,
whereas in the CFP and the FIL classifiers, a feature votes for only one class.
The COFI and the k-NNFP algorithms also have a similar voting mechanism
as that of the VFI algorithms such that features also vote for more than one
class. But construction of overlapping feature intervals is performed for each
class independently from other classes on a feature dimension. The projections
of instances with the same class value on a feature dimension are generalized to
form intervals by using a dynamic generalization distance computed according
to a given generalization parameter. On the other hand, the VFI algorithms
use the projection of instances from all classes on a feature dimension at the
same time and forms intervals from these instances without requiring a param-
eter. VFI algorithms do this non-incrementally, i.e. processing all the training
instances at once, whereas the COFI and the CFP algorithms are incremental;

that is, processes each instance one by one.

The Naive Bayesian Classifier also considers each feature separately both
in training and classification as well as feature projection based classification
methods. The voting scheme used in the classification phase of the VFI al-
gorithms is also analogical with the probability estimation in Naive Bayesian
Classifier. In Naive Bayesian Classifier, each feature participate in the classifi-
cation by assigning probability values for each class, and the final probability
of a class is the product of individual probabilities measured on each feature.
On the other hand, in VFI classifiers each feature distributes its vote among
classes and the final vote of a class is the sum of all individual votes given by

the features.

There are several advantages of feature projection based knowledge repre-
sentation, which also holds for the VFI classifiers. One of them is that these
methods provide faster classification than the nearest neighbor and the deci-
sion tree algorithms described in Chapter 2. Second one is that they enable the
classifier to simply ignore the missing feature values occurring both in training

and classification, where a value should be provided to replace a missing value
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in both nearest neighbor and decision tree algorithms [57]. Naive Bayesian
Classifier can also ignore the missing values similar to feature projection based
techniques by simply excluding that feature from the product of individual
probability distributions of each feature. Another one is that since each fea-
ture is considered separately, no normalization of values to the same range for
all the features is required as in the case of nearest neighbor and instance-based

algorithms described in Chapter 2.

We have developed five versions of the VFI algorithms and called them as
VFI1, VFI2, VFI3, VFI4, and VFI5. First, I will give some basic definitions.
Then, I will explain the training and classification process in the initial version
VFI1 [22] and then continue with the modifications on the basic idea of the
VFI algorithms towards the other versions in sequence. Then properties of the
VFI algorithms according to some important dimensions of machine learning

will be given.

4.1 Basic Definitions

All Feature Projection Based (FPB) algorithms (CFP, COFI, k-NNFP, FIL,
and VFI) in essence learn, separately for each feature f, a mapping from the
set of values that f can take on, V;, to a set of intervals I;, that carries the
classification information about the domain for that set of values of f. This
mapping is represented as:

gfIVf—)]f (41)

where g; 1s a surjection (onto function) in the VFT algorithms.
Definition 1. An interval 7 on a feature fis defined as:
i=(V,v),
where Vis a set of values for feature f and v is the vote vector of interval <.

An interval 7 defines a vote vector v for a given set of values V on the
feature that 7is defined. Here a vote vector v = (v, v,..., v, ..., 0) specifies

the votes for each class ¢ in the domain where k is the number of classes.
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Figure 4.1. An example for three intervals on a feature dimension f.

Note that an interval represents several classes by these votes for each class.
Therefore, the intervals of the VFI algorithms are multi-class intervals rather

than single-class intervals.

Definition 2. A range interval is an interval i = (V,v) defined on
a linear feature, where the set of values V represents a range of consecutive

values.

Figure 4.1 is an example with three range intervals defined on linear feature
dimension f where z, # z3. The interval 4 = (Vj,v,) is defined on a range
of values from —oo to z; and represents the classes with a vote vector v; =
{(v11, t12) where vy; and v are the votes of 4 for the first and second class
respectively. The interval i, = (V;, v,) is defined on a range of values from z;
to z3 and represents the classes with a vote vector vy = (g1, 122). The interval
i3 = (V3,v3) is defined on a range of values from z3 to oo and represents the
classes with a vote vector v3 = (v3, ts2). The set of intervals in this example is
I; = {41, %, i3} and the value z, is shown in Figure 4.1 to illustrate an example
mapping where gy(z2) = #. On the other hand, the mapping of the boundary
values such as z, and z3 requires a special treatment and differs in each version

of the VFI algorithms.

Definition 3. A point interval is an interval i = (V,v), where Vis a

singleton set V = {z}.

All the intervals of a nominal feature are point intervals. On the other hand,
a point interval might also exist on a linear feature only in some versions of
the VFI algorithms. An example nominal feature of a two-class domain along
with three point intervals is shown in Figure 4.2. The interval 4 = (V;,v;) is

defined on a singleton set of values V; = {red} and represents the classes with
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Figure 4.2. An example for three point intervals on feature dimension color.

the vote vector vi = (w13, v12). Similarly, the interval i, = ({blue},v,) and
i3 = ({green}, v3) are defined on a single value of the color feature. Suppose
that only v, is zero and other votes of all intervals are nonzero, this means
that instances of the first class take values red, blue, and green values whereas

instances of the second class take blue and green values for the color feature.

The set of values for the color feature is Veoior = {red, blue, green} and the
set of intervals is I.o,r = {#1,%,%}. A mapping gl is learned by the VFI

algorithms and the mappings for all values in V. are:

gcolor(re‘i) = z'1
gcolor(blue) =1

Geolor (green) = i3

where g.,1,r is a one-to-one mapping as well as it is onto, thus ¢..i,r 1s a bijection.

This holds for the g; of all nominal features.

For point intervals, only a single value is used to represent V of that interval.
For range intervals, on the other hand, since all range intervals on a feature
dimension are linearly ordered, it suffices to maintain only one value (either
lower or upper bound) for the range of values that a range interval represents.
In our implementation of the VFI algorithms, we have chosen to keep the lower
bound of the range. The upper bound of a range interval is the lower bound

of the next higher interval.
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4.2 Description of the VFI Algorithms

This section will describe the training and classification process of the VFI
algorithms. It will explain how feature intervals on each feature dimension
are constructed and how each feature participates in the classification by the

voting scheme used.

The only input to the VFI classifiers is a set of preclassified training in-
stances each represented as a vector of feature values plus a label that represents
the class of the instance. An instance x is represented as (z,zs,...,24,C;)
where z1,..., 4 are the corresponding feature values of feature fi,..., f; and
C; 1s the associated class label where 1 < j < k. Here, k is the total number
of classes and d is the number of features in the given domain. Therefore, the

dimension of the instance vector is d + 1.

4.2.1 The VFI1 Algorithm

The VFI1 classification algorithm [22] is the initial version of VFI algorithms.
The next two subsections will describe the training and the classification in the

VFI1 algorithm.

4.2.1.1 Training in the VFI1 Algorithm

Since all VFI algorithms are non-incremental, the VFI! algorithm takes all
these training instances and processes them at once. It constructs feature
intervals on each feature dimension in the training phase. The training process
in the VFI1 classifier is given in Figure 4.3. First, the end points for each class
c on each feature dimension f are found. End points of a given class ¢ are
the Jowest and highest values on a linear feature dimension f at which some
instances of class ¢ are observed. On the other hand, end points on a nominal
feature dimension f of a given class ¢ are all distinct values of f at which some
instances of class ¢ are observed. The end points of each feature f is kept in an

array EndPoinis[f]. There are 2k end points for each linear feature, where k
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train(TrainingSet):
begin
for each feature f
for each class ¢
EndPoints[f] = EndPoints[f] U find_end_points(TrainingSet, f, c);
sort( EndPoints(f]);

if f is linear
each pair of consecutive distinct points in EndPoints[f] form
a range interval
else /* f is nominal */
each distinct point in EndPoints[f] forms a point interval

for each interval 7 on feature dimension f
for each class ¢
interval class_count[f, i, ¢ =0
count_instances( f, TrainingSet);
for each interval 7 on feature dimension f

for each class ¢

. . int l_class_countlf, t,
interval class_vote[f, 1, ¢] = = ervacl:szizouﬂf:[c][f q

normalize interval class_vote[f, i, cl;
/* such that Y. interval_class_vote[f, i, c]=1*/

end.

count_instances(f, TrainingSet):
begin
for each instance e in T'rainingSet
if €7 is known
¢ = find.interval(f, ¢;)
e. = class of instance €

if 7 is a point interval */
if ey = lower bound of ¢
interval class_count[f, i, €] + = 1
else /* i is a range interval */
if e; = lower bound of ¢
interval classcount[f, 1 — 1, e.] + = 0.5
interval class_count[f, i, ] + = 0.5
else /* e; falls into « */
interval class_count(f, i, €] + = 1
end.

Figure 4.3. Training phase in the VFI1 Algorithm.
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classify(e): /* e: example to be classified */
begin
for each class ¢
vote[c] = 0

for each feature f
for each class ¢
feature_vote[f,c] = 0 /* vote of feature f for class ¢ */

if es value is known
i = find_interval(f, ;)

if 1 1s a point interval
if e = lower bound of :
for each class ¢
feature_vote[f, c] = interval_class_vote[f, i, c]
else /* i is a range interval */
if ey = lower bound of ¢

for each class ¢
feature_vote[f, C] — interval_class_vote[f, i—1, c]2+ interval class_vote[f, i, ]

else /* inside the interval ¢ */
for each class ¢
feature_vote[f, c] = interval_class_vote[f, i, c]

for each class ¢
vote[c] = vote[c] + feature_vole[f,cl;

return class ¢ with highest vote[c};
end.

Figure 4.4. Classification in the VFI1 Algorithm.

is the number of classes. Then, for linear features the list of end-points on each
feature dimension is sorted. If the feature is a linear feature, then each pair of
consecutive distinct end points constitutes a range interval. If the feature is a

nominal feature. each distinct end point constitutes a point interval.

Then the number of training instances in each interval will be counted
and the count of class ¢ instances in interval 7 of feature f is represented as
interval class_count[f, i, ¢| in Figure 4.3. These counts for each class ¢ in
each interval ¢ on feature dimension f are computed by the count_instances
procedure. For each training example, the interval ¢ in which the value for

feature f of that training example e (es) falls is searched. If interval 7 is a
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point interval and e; is equal to the lower bound (same as the upper bound
for a point interval), the count of the class of that instance (e.) in interval ¢
is incremented by 1. If interval ¢ is a range interval and e; is equal to the
lower bound of ¢ (falls on the lower bound), then the count of class ¢, in both
interval : and (z — 1) are incremented by 0.5. But if ¢; falls into interval ¢
instead of falling on the lower bound, the count of class e, in that interval is
incremented by 1 normally. There is no need to consider the upper bounds
as another case, because if e; falls on the upper bound of an interval ¢, then
es is the lower bound of interval ¢ + 1. Since all the intervals for a nominal
feature are point intervals, the effect of count_instances is to count the number

of instances having a particular value for nominal feature f.

_ To eliminate the effect of differences in the class counts of training instances,
the count of instances of class c in interval ¢ of feature f is then normalized by
class_count|c], which is the total number of instances of class ¢. It is important
because 5 instances out of a total of 10 instances is not the same as 5 instances
out of a total of 100 instances. The former means that the 50% of that class is
in that interval whereas the latter means that only 5% of that class is in that
interval. Thus, the relative counts are 0.5 and 0.05 respectively. This relative
number of instances in that interval is assigned to interval_class_vote[f, i, ],
since this value represents the vote of interval ¢ to class ¢. To find the final
individual vote given to class ¢ by feature f for a future unseen instance with
an f value falling into interval ¢, the interval classvote(f, i, c] values are
normalized such that the the sum of the votes distributed to several classes is
1. Hence, the vote of interval ¢ on feature f for class c¢ is a real-valued vote
less than or equal to 1. This final normalization provides that each feature will
have an equal voting power in the classification process independent of its size,
since every feature has the equal chance of distributing its votes that sum up
to 1. The features might have different voting powers when feature weights are
provided from an external source. In that case, the sum of the votes distributed

by a feature would be equal to the weight of that feature.
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4.2.1.2 Classification in the VFI1 Algorithm

The classification phase of the VFII algorithm is given in Figure 4.4. The
process starts by initializing the votes of each class to zero. For each feature
[, the interval on feature dimension f into which ey falls is searched, where ¢
is the f value of the test example e. If e; is unknown (missing), that feature
does not participate in the voting (gives a vote zero for each class). Hence,
the features containing missing values are simply ignored. Ignoring the feature

about which nothing is known is a natural and plausible approach.

If e5 is known, first the.interval ¢ into which ey falls is found. If 7 is a point
interval and ey is equal to the lower bound of that point interval, then for each

class c, feature f gives a vote equal to
feature_vote[f,c] = interval_class_vote[f, i, c] (4.2)

where interval class_vote[f, i, ¢ is the vote of feature f given to class c¢. Since
point intervals consist of a single value, a point interval ¢ is found such that
e¢; must fall on that point interval z. This means that e; must be equal to the
lower bound of that point interval (same as its upper bound) in order to say
that e; falls into that interval. If 7 is a range interval and ey falls on the lower
bound (i.e. €y is equal to the lower bound) of range interval 7, then a vote
equal to

interval _class_vote[f,i — 1, ¢] + interval_class_vote[f, i, c]
2

feature vote[f, c] =

(4.3)
is given. This is because the instances falling on the lower bound of interval »
—which is the upper bound of interval ( — 1)— were both included in interval
(1 — 1) and 7 in the counting process of the training phase explained in Sec-
tion 4.2.1.1. On the other hand, if e, falls into a range interval 2 (i.e. ¢ is not
equal to any lower bound), then for each class ¢, feature f gives a vote equal
to

feature_vote[f, c] = interval_class_vote[f, i, ] (4.4)

as in the case of a point interval. Each feature f collects its votes in a vote vec-
tor (feature_vote[f. Ci]. ... , featurewotelf, Cj], ..., featurevote[f, Ci]).

where feature_vote[f, C;] is the individual vote of feature f for class C; and
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k is the total number of classes. Then these d individual vote vectors, where
n is the total number of features, are summed up to get a total vote vec-
tor (vote[Cy], ... ,vote[Cy]). Finally, the class with the highest total vote is

predicted to be the class of the test instance.

With this implementation, the VFI1 algorithm is a categorical classifier,
since it returns a unique class for a test instance [45]. A unique class is pre-
dicted for the test instance in order to compare this predicted class with the
actual class of the test instance. This enables us to measure the performance
of our classifiers according to the most commonly used metric, which is the
the percentage of correctly classified test instances over all test instances (see
Chapter 5 for more detail). Instead,

vote|C;)
can be used as the probability of class C; which makes the VFII algorithm a
more general classifier. In that case, the VFI1 algorithm returns a predicted
probability distribution over all classes. Although a class i1s returned as the
prediction of the test instance as an output of the VFI1 algorithm , the votes
received by each class is also available as an output to the user enabling him/her

with the level of confidence in the prediction.

4.2.1.3 An Example

In order to describe the VFI1 algorithm, consider the sample training dataset
in Figure 4.5. In this dataset, we have two linear features f; and f,, and there
are 3 examples of class A and 4 examples of class B. The intervals with their
class counts constructed in the training phase of the VFI1 algorithm are shown
in Figure 4.6. There are 5 intervals for each feature. The lower bound of the
leftmost intervals is —oo and the upper bound of the rightmost intervals is oc.
For example, the second interval on feature dimension of f; has a class count
2 for for class A and 0 for class B. The count of 2 for class A comes from half
count of the class A instance with f; value 2, full count of the class A instance
with f; value 3, and half count of the class A instance with f; value 4. The

training process continues with computing the interval class votes determined
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Figure 4.5. A sample training dataset with two features and two classes.
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Figure 4.6. The constructed intervals by VFI1 with their class counts for the
sample dataset.

by the relative class counts after a normalization. The normalized class votes
for the constructed intervals by VFII is shown in Figure 4.7. Let us look
at one interval to see how the normalized votes are computed from the class
counts. The interval 754 on feature dimension f; has class_couni[A] = 0.5 and
class_count[B] = 1 as shown in Figure 4.6. The class votes are &* = 0.17 for
class A and 3 = 0.25 for class B. Then these votes are normalized to make the
sum of votes distributed to classes equal to 1, and the normalized vote for class

A 1s 0.4 and 0.6 for class B.

In order to illustrate the classification phase in the VFI1 algorithm, con-

sider a test example t = (5,6,7). On feature f; dimension, the #; = 5



CHAPTER 4. CLASSIFICATION BY VOTING FEATURE INTERVALS 53

t
A: 1 A 1 A: 0.57 A: O A: 0O
B: © B: O B: 0.43] B: 1 B: 1
113 112 113 11g l 2315 £,
2 4 ] 8
t
A: 1 A: 0.57 A: 0.5 A 0.4 A: O
B: © B: 0.43 B: 0.5 i B: 0.6 B: 1
121 I 122 ] 13 124 l 125 £,
2 3 6 8

Figure 4.7. The constructed intervals by VFI1 with their class votes for the
sample dataset.

falls on the lower bound of the interval 7;4 as shown with an arrow in Fig-
ure 4.7. The interval i;3 has a vote interval.classvote[f1,113,A] = 0.57 for
class A and interval classvote|f1,1;3,B] = 0.43 for class B. The interval 7,4
has a vote equal to intervalclassvoie[fi,714,A] = 0 and a vote equal to
interval class_vote[fy,114,B] = 1. Since the {; is on the lower bound of interval

714, the half of votes from both intervals 7;3 and 7;4 determines the individual
0.5740 __
2

vote of feature f;. The votes of feature f; are feature_vote[fi,A] =
0.285 and feature.vote[f1,B] = 0‘—43-‘*—1 = 0.715. Thus, the vote vector of f;
is vi = (0.285, 0.715). I f; had been given a chance to make a prediction,
it would have predicted class B which has received higher vote than class A.
On the feature dimension of f;, &, = 6 falls on the lower bound of interval
i24 as shown with an arrow in Figure 4.7. The interval 23 has a vote equal
to interval_class_vote|fy,123,A] = 0.5 and interval_class_vote[f,i23,B] = 0.5
for class A and class B respectively. The interval 7,4 has a vote equal to
interval class_vote[f),i24,A] = 0.4 and interval_class_vote[fi, 124, B] = 0.6 for
class A and B respectively. Since the t; is on the lower bound of interval 754, the
average of votes from both intervals 7,3 and 724 determines the individual vote
of feature f;. The votes of feature f, are feature vote[fz, A] = 0‘—5‘2@'—4 = 0.45
and featurevote[f;,B] = 28£8€ = 0.55. Thus, the vote vector of f, is
vy, = (0.45, 0.55). U f, had also been given the chance to make a predic-
tion, it would have predicted class B but not as much confident as feature f;.
Finally, the individual votes of the two features are summed up correspondingly
and the total vote vector is v = (0.735,1.265). VFI1 votes 0.735 for class A
and 1.265 for class B, so class B with the highest vote is predicted as the class

of the test example. If VFI1 were used to make probabilistic classifications
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Figure 4.8. The constructed intervals by VFI1 with their class votes for the
training dataset in Figure 3.1.

instead of categorical (see Section 4.2.1.2), VFI1 would predict class A with
37% probability and class B with 63% probability.

In order to compare the concept description learned by the VFI1 algorithm
with that of the CFP algorithm, the intervals along with their votes constructed
from the training dataset in Figure 3.1 by the VFI1 algorithm are shown in Fig-
ure 4.8. The intervals constructed by the VFI1 algorithm represent both class
Cy and C, with their corresponding votes whereas the intervals constructed by
the CFP algorithm represent only a single class. When a new instance falls
between x3 and z7, it would be predicted as class C; in the VFI1 algorithm
since that is the range of values in which class C; training instances were ob-
served. On the other hand, the CFP algorithm has lost this information and is
just aware of some single points on which class C; training instances appeared

as shown in Figure 3.1.

The single-class intervals constructed by the FIL algorithms using the same
dataset was shown in Figure 3.3. The FIL algorithms construct a range interval
representing class Cz between zs and z; unlike the CFP algorithm. While all
the values are mapped to an interval in the VFI algorithms, both the CFP
and the FIL algorithms might have many empty range of values between the

intervals such as the range of values between the point intervals in Figure 3.3.

Figure 4.9 shows the intervals along with their votes constructed by the
VFII1 algorithm from the dataset in Figure 3.4 where the intervals constructed
by the COFI algorithm are also shown. Like the CFP and the FIL algorithms,
the COFI algorithm also has many empty range of values. For example, a
new instance with value equal to 6 would be predicted as class C'; in the VFI1

algorithm whereas the COFI algorithm would predict nothing for this instance.
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Figure 4.9. The constructed intervals by VFI1 with their class votes for the
training dataset in Figure 3.4.

4.2.2 The VFI2 Algorithm

The VFI2 algorithm is the next version after the initial VFI algorithm. The
VFI2 algorithm will be explained by only pointing out its differences than the
VFI1 algorithm. The only difference is in finding the lower bounds of intervals
on linear feature dimensions. In the VFII algorithm, the interval lower bounds
are distinct end points which are the lowest and highest points of each class on
a given feature dimension. This causes lots of instances fall on interval bound-
aries and we thought that it would be better to fall into one interval instead of
being affected by two neighboring intervals. Therefore, to decrease the amount
of hits on interval boundaries, the interval lower bounds are determined as the
mid points of the end points instead of the end points themselves as in VFII.
This helps a lot especially in visualizing the Dermatology dataset (see Chap-
ter 7). The idea of using the mid points has been also used in C4.5 to find the

best split on a linear feature dimension [58].

The training algorithm for the VFI2 algorithm is shown in Figure 4.10.
Algorithm is the same as the VFII algorithm, except the determination of the
lower bounds of the intervals on a linear feature dimension. The classification

process is exactly the same as that of the VIFI1 algorithm.

The intervals with their class counts constructed from the example training
dataset in Figure 4.5 by the VFI2 algorithm is shown in Figure 4.11. The lower
bounds of the intervals are the mid points of the lower bounds of the intervals
constructed by the VFI1 algorithm shown in Figure 4.6. The training instances
falling on the lower bounds are similarly treated as in the VFI1 algorithm, so

there might still be half counts but this usually occurs less than it occurs in
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train(TrainingSet):
begin
for each feature f
for each class ¢
EndPoints[f] = EndPoints[f] U find_end_points(TrainingSet, f, ¢);
sort( EndPoints|f]);

if f is linear
each pair of mid points of two consecutive distinct points in EndPoints|f]
form a range interval
else /* f is nominal */
each distinct point in EndPoints[f] forms a point interval

for each interval i on feature dimension f
for each class ¢
interval _class_count(f, i, ¢] =0
count_instances( f, TrainingSet);
for each interval i on feature dimension f

for each class ¢
. . interval_class_count(f, ¢, c
interval class_vote[f, i, ¢} = dass_countm[f ]

normalize interval_class_vote[f, i, cf;
/* such that }__ interval_class_vote[f, i, ¢J=1%*/

end.

Figure 4.10. Training phase in the VFI2 Algorithm.

VFI11. The normalized votes from these class counts of each interval is shown

in Figure 4.12.

Let us go through the classification of the same test instance t = (5,6,7)
classified by VFI1 in Section 4.2.1.3. The intervals into which this test example
falls on each feature are indicated in Figure 4.12 with arrows. On feature f;
dimension, the t; = 5 falls into interval ;3. Remember that {; falls on the
lower bound of an interval constructed by the VFII algorithm (see Figure 4.7).
The interval ;3 has a vote interval class_vote[f,113,A] = 0 for class A and a
vote interval class_vote[fy,113,B] = 1 for class B. Thus, the vote vector of f;
is vi = (0, 1). If f; bad been given the chance to make a prediction, it would
have predicted class B with no doubt because B has received all the votes of

feature f; and class A has received none. On the feature dimension of f;, t, = 6
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Figure 4.11. The constructed intervals by VFI2 with their class counts for the
sample dataset.
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Figure 4.12. The constructed intervals by VFI2 with their class votes for the
sample dataset.

falls into interval ¢23 which has interval_class_vote[fi, 123, A] = 0.73 for class A
and interval class vote[f), 123, B] = 0.27 for class B. Thus, the vote vector of
fa1s v2 = (0.73, 0.27). If f, had been given the chance to make a prediction,
it would have predicted class A, which has received higher votes than that of
class B. The reason for this is that 2 training instances of class A out of a total
of 3 are observed in the range [4.5 .. 7] of feature f,, whereas only 1 training
instance of class B out of a total of 4 are in that range. Finally, the individual
votes of the two features are summed up respectively and the total vote vector
is v = (0.73,1.27). That is, the VFI2 algorithm votes 0.73 for class A and 1.27

for class B, so class B, receiving the highest votes is predicted as the class of

the test example t.

4.2.3 The VFI3 Algorithm

The VFI3 algorithm is not something that is developed over the VFI2 algo-

rithm, instead it is again a modification to the VFI1 algorithm in determining
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under what conditions the lower bound of an interval i can be included to only
one interval instead of both interval 7 (the right interval) and interval i — 1
having that lower bound as the upper bound (the left interval). Remember
that the intervals are formed by a pair of consecutive distinct end points of
each class. The lower bound of an interval is either the lowest or the highest
point of a class on that dimension. The lower bounds of a range interval can

be classified into three types according to a given class ¢

1. The lower bound of the interval is the lowest point of a class ¢,
2. The lower bound of the interval is the highest point of a class ¢,

3. Neither of the above two types, that is, another class (# ¢) determines

the lower bound.

Suppose that during the training a training instance of class C; falls on the
lower bound of a range interval :. If the lower bound is of first type according
to class ¢, the current training instance is counted in the right interval since
the lower bound is the start point of observing class ¢ instances. If it is of
second type, the current training instance is counted in the left interval since
the lower bound is the last point of observing class ¢ instances. If it is of
the last type, since class ¢ instances are observed before and after that lower
bound, the current training instance is counted half for the right interval and
half for the left interval as done in the VFI1 algorithm. Thus, by replacing the
count_instances(f, t, ¢) function in Figure 4.3 with count_instances_vfi3(f, ¢, ¢)
shown in Figure 4.13, we get the training algorithm for the VFI3 algorithm.
The difference in count_instances_vfi3( f,1,c) is that it now counts the instances

on the lower bounds taking care of the types of the lower bounds as described

just above.

The classification in the VFI3 algorithm is also modified in order to con-
sider three lower bound types for range intervals. The modified classification
algorithm is shown in Figure 4.14. First the total votes and individual votes
of each feature for each class are initialized to zero as usual. Then, given a
test instance, for each feature f, the interval in which the value of the test

example for feature f (fs) falls is sought. If ¢; falls on a point interval and
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count_instances_vfi3(f, TrainingSet):
begin
for each instance e in TrainingSet
if e; is known
¢ = find.interval(f, ey)
e. = class of instance e

if ¢ is a point interval
if e; = lower bound of ¢
interval class_count(f, i, e.] + = 1

else /* i is a range interval */
if e; = lower bound of ¢
if e; = lowest point of ¢. on f
interval class_count[f, i, e.]+ = 1
else if e; = highest point of e, on f
interval _class_count[f, i —1, e/] + = 1
else
interval_class_count[f, i -1, /] + = 0.5
interval_class_count[f, i, e.] + = 0.5
else /* inside the interval */
interval class_count[f, i, e} + = 1
end.

Figure 4.13. The algorithm for counting the training instances in the training
phase of the VFI3 classifier.

is equal to the lower bound of that point interval, then feature f gives a vote
equal to interval classvote[f, i, c] for each class ¢. If t; falls into a range
interval without falling on its lower bound, then feature f gives a vote equal
to interval class.vote|f, i, c] for each class c. However, if t; falls on the lower
bound of range interval 7 (i.e. equal to the lower bound of range interval 7),
then each class c receives a vote according to the type of the lower bound with

respect to ¢. There are three cases:

1. If the lower bound of interval ¢ is equal to the lowest point of class ¢ on

feature dimension f. then class ¢ receives its vote from interval s.

2. If the lower bound of interval 7 is equal to the highest point of class ¢ on

feature dimension f. then class ¢ receives its vote {rom interval z — 1.
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classify(e): /* e: example to be classified */
begin
for each class ¢
vote[c] = 0

for each feature f
for each class ¢
feature_vote[f,c] = 0 /* vote of feature f for class ¢ */

if ey value is known
¢ = find_interval( f, ey)

if ¢ is a point interval
if e = lower bourd of ¢
for each class ¢
feature_vote[f,c] = interval class_vote(f, i, c]

else /* i is a range interval */
if ey = lower bound of 2
for each class ¢

if ey = lowest point of c on f
feature_vote[f,c] = interval _class_vote(f, i, ]

else if ey = highest point of c on f
feature_vote[f,c] = interval_class_vote[f, i — 1, c]

else

feature_vote[f, C] - interval _class_vote[f, i—1, c] + interval_class_vote[f, 1, ]

else /* inside the interval ¢ */
for each class ¢
feature_vote| f,c] = interval_class_vote(f, i, c]

for each class ¢
normalize feature_vote[f,c] /* s.t. 3. feature_ vote[f,c] =1 */
vote[c] = vote[c] + feature_vote[f,c];

return class ¢ with highest vote[c];
end.

Figure 4.14. Classification in the VFI3 Algorithm.
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Figure 4.15. The constructed intervals by VFI3 with their class counts for the
sample dataset.
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Figure 4.16. The constructed intervals by VFI3 with their class votes for the
sample dataset.

3. If the lower bound of interval : is equal to neither the lowest nor the
highest point of class ¢ on feature dimension f, then class ¢ receives its

vote as the average of the votes from intervals : — 1 and 1.

Since classes might take their votes from different intervals or even as the
average of two intervals, the sum of votes for each class is no more equal to 1
as normalized in training. Therefore, the votes of each feature are once again
normalized before combining to compute the total vote. This final normaliza-
tion is not required in the VFI1 and the VFI2 algorithms because if a vote
is taken from an interval or from two neighboring intervals, that is the same
for all the classes and does not change from class to class. However, in VFI3
a class might take its vote from interval i, whereas another class might take
its vote from both interval ¢ and ¢ — 1. Examples for this case will be shown.

Finally, the class with the highest total vote is returned as the prediction.

To illustrate the training and classification in VFI3, the intervals with their

class counts constructed from the example training dataset in Figure 4.5 by
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VFI3 are shown in Figure 4.15. The lower bounds of all intervals are the same
as the lower bounds of the intervals constructed by VFI1 shown in Figure 4.6,
however the class counts of the intervals are changed. For example, the training
instance of class A with f; value 4 is not now counted half for the second and
half for the third intervals of feature fi, instead it is fully included in the second
interval because the lower bound of the third interval is of the second type i.e.

it is the highest point of class A on feature f;.

Let us go through the classification of the same test instance t = (5,6,7)
classified by VFI1 in Section 4.2.1.3. The intervals into which this test exam-
ple falls on each feature is shown in Figure 4.16 with arrows. On feature f,
dimension, the ¢; = 5 falls on the lower bound of interval :;4 as shown with
an arrow in Figure 4.16. BSince this lower bound (5) is the lowest point of
class B on feature dimension f,, the vote for class B will be taken from inter-
val 7114. Thus, the vote for class B is featurevote[f1,B] = 1. On the other
hand, since this lower bound is neither the lowest nor the highest point of class
A on f;, the vote for class A is the average of the votes of intervals 7;3 and
:14. Since both intervals 7;3 and 7,4 have a vote 0 for class A, their vote is
feature_vote[f;,A] = 0. A final normalization would change nothing in the
distribution of votes and class A receives a vote 0 and class B receives a vote 1
from f;. On the feature dimension f,, t; = 6 falls on the lower bound of interval
:24. Since this lower bound (6) is the highest point of class A on feature f5, the
vote for class A will be taken from interval 7,4. Therefore, the vote of feature
f2 for class A is feature_vote[f;,A] = 0.52. However, since this lower bound
is neither the lowest nor the highest point of class B on f3, the vote for class
B is the average of the votes of intervals :23 and :24. Then the vote for class
B is featurewote[f;,B] = (0.48 + 1)/2 = 0.74. Note that the feature votes
given to class A and B do not sum up to 1 and if we leave them as they are,
this feature will have a higher voting power with no reason. Therefore, in the
classification of the VFI3 algorithm these votes are normalized and a vote equal
to feature_vote[fz, A] = 0.41 for class A and a vote feature vote[f,, B} = 0.59
are given. Finally, the individual votes of the two features are summed up
correspondingly and total vote vector is v = (0.41,1.59). The VFI3 algorithm
votes 0.41 for class A and 1.59 for class B, so class B with the highest vote is

predicted as the class of the test example.
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Figure 4.17. The projection of a sample dataset with two classes on linear
feature dimension f;.
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Figure 4.18. The constructed intervals by VFI1, VFI3| VFI4 with their class
counts for the second sample dataset.

4.2.4 The VFI4 Algorithm

The VFI4 algorithm is the version developed over the VFI3 algorithm when we
realized that in real-world datasets there are classes instances of which always
take the same value for a feature. That is, the lowest and highest points of such
a class are the same on that feature dimension. But in all previous versions of
the VFI algorithms, we do not represent this knowledge. On the other hand,
it is not a loss of knowledge in the case of a nominal feature because all the
instances of that class are counted on that point interval constructed by the
lowest and highest points of that class. But when it occurs on a linear feature
dimension, an interval starting from that lowest (equal to highest) point and
continuing up to a distinct point is constructed. This will result in a concept

description which represents that class in the range of values in which it never
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appeared.

To illustrate the problem, suppose that we have a sample dataset with the
projection shown in Figure 4.17 on linear feature dimension f;. There are two
classes, class A and B in this domain. All of the three training instances of
class A are observed on value 0 for feature f,. There are four training instances
of class B, which are observed on values 0, 1, and 2 for feature f;. The lowest
point of class A is 0 on f; dimension, which is also the highest point of class A.
The lowest point of class B is 0 and the highest point of class B is 2. Therefore,
we have two distinct end points —0 and 2— from which the range intervals
will be constructed in both the VFI1 and the VFI3 algorithms. The intervals
with their class counts constructed by the VFI1 and the VFI3 algorithms are
shown in Figure 4.18. The instances of class A having f; value 0 (falling on the
lower bound of interval 7,2) are counted half for interval z;; and half for interval
!12 in the VFII algorithm. On the other hand. since the VFI3 algorithm tries
to count the instance on the lower bounds according to the types of the lower
bounds, all the instances of class A are counted for interval 7;,. When a new
instance with value 1 for feature f is to be classified, class A will get a nonzero
vote from feature f; both in the VFI1 and the VFI3 algorithms. However, class
A instances never had a value different than 0 for feature f; and the inductive
result from this should be that a class A instance can not have a value other
than 0 for feature f;. One might say that 0 is also the highest point of class A,
so the VFI3 algorithm might count those instances in interval z;; as well. Both
might have done, but the VFI3 algorithm and all the other versions of the VFI
algorithms do not realize that a lower bound is both the highest and the lowest
at the same time, and that’s why we came up with the VFI4 algorithm, which
takes care of this special situation that might occur in real-world datasets. In
fact, a feature always getting the same value for a class is very informative and

should be discovered by a classifier.

The VFI4 algorithm constructs a point interval from the end point 0, which
is both the lowest and highest point of class A as shown with a filled narrow
rectangle at point 0 in Figure 4.18. This point interval is exactly the same
as the point intervals constructed for nominal features, that is, the lower and

upper bound of this interval is both 0 and instances having 0 value for feature
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train(TrainingSet):
begin
for each feature f
for each class ¢
EndPoints[f] = EndPoints[f] U find_end_points(TrainingSet, f, c);
sort( EndPoints[f]);

if f is linear
for each end point p'in EndPoints|f]
if an end point p = both lowest and highest point of a class
form a point interval from end point p
form a range interval between p and the next endpoint# p
else
form a range interval between p and the next endpoint# p
else /* f is nominal */
each distinct point in EndPoints[f] forms a point interval

for each interval ¢ on feature dimension f
for each class ¢
interval_class_count(f, i, ¢] =0

count_instances_vfi3( f, TrainingSet);

for each interval 7 on feature dimension f

for each class ¢
interval_class_count(f, i, ]
class_count|c]

interval_class_vote[f, i, ¢] =

normalize interval_class_vote[f, i, cl;
/* such that }__interval_class_vote[f, i, ¢]=1%/
end.

Figure 4.19. Training phase in the VFI4 Algorithm.
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fi are counted in this interval. When a new instance with value 0 for feature
f1 1s to be classified, class A will get a vote 0.8 for class A and 0.2 for class B
from feature f;. On the other hand, the same test instance will get a vote 0.5
for class A and 0.5 for class B in the VFI3 algorithm. Although the training
instances carry the information that all the instances of class A occurred on
value 0 of feature fi, the VFI3 algorithm somehow loses this and votes equally
for both classes. The VFI4 algorithm is designed to overcome this loss of

knowledge in the VFI3 algorithm.

The training process of the VFI4 algorithm is the same as that of the VFI3
algorithm except for the special situation illustrated by an example above. The
modified training for the VFI4 algorithm is shown in Figure 4.19. When an
end point p is both the lowest and highest points of a class, a point interval
with lower bound and upper bound equal to p is constructed. Then a range
interval between p and the next end point different than p is constructed. This
end point p becomes the upper bound for the left neighboring range interval
and the lower bound for the right neighboring range interval. To exclude the
training instances falling on p from both the right and the left range intervals,
the training instances falling on p are counted only for the point interval. While
counting the instances in training, if there exists a point interval for the value
being searched for, that point interval is returned by find_interval function
used in count_instancesv f13 procedure. Therefore, such an end point p is
excluded both from the left interval and from the right interval. Since the same
counting procedure used by the VFI3 algorithm is used in the VFI4 algorithm,
the other lower bounds that are not point intervals have the same treatment
as they had in the VFI3 algorithm. As a summary, the VFI4 algorithm checks
for equal lowest and highest points to construct a point interval from such an

end point and excludes that point from the neighboring range intervals.

In the classification of a new instance, if the value of the instance on that
feature dimension is equal to a lower bound of a point interval, then the individ-
ual votes of that feature are simply taken from that point interval. Although
that value is also the lower bound of the next range interval, the votes are
taken from only the point interval if there is a point interval with that value.

This is again handled by the find_interval function, which returns the point
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interval with lower bound equal to that value if a point interval with that lower
bound exists. When a test instance falls on the lower bound of a range interval
or inside an interval, the classification process is the same as that of the VFI3

algorithm.

The intervals constructed by the VFI4 algorithm from the sample training
dataset in Figure 4.5 are exactly the same as those constructed by the VFI3
algorithm, since there are not classes with equal lowest and highest points on
any feature dimension. The VFI4 algorithm differs from the VFI3 algorithm
only when there are end points on any feature dimension which are both lowest
and highest points for the same class. Such situations might be observed in

real-world datasets and for'example it occurs in the Dermatology dataset.

4.2.5 The VFI5 Algorithm

The VFI5 algorithm is the final version of VII algorithms that generalizes
the construction of point intervals to all end points. The VFI5 algorithm
constructs a point interval from each distinct end point and a range interval
between a pair of distinct end points excluding the end points. The training
algorithm for VFI5 is shown in Figure 4.20. The intervals along with their class
counts constructed from the sample training dataset in Figure 4.5 are shown in
Figure 4.21. The lower bounds of all intervals are now point intervals and there
are range intervals between those lower bounds exclude the lower bounds. For
example, the training instance of class A with f; value 4 is counted for point
interval z;4 on f; dimension with lower and upper bound equal to 4, and the
instance of class A with f, value 3 is counted for range interval :;3 on feature

f1 with lower bound 2.

The classification process is the same as that of the VFIL algorithm. The
VFI5 algorithm finds the point intervals on linear feature dimensions by the
find_interval function. The point intervals on linear features are same as
those of the nominal features. Since the lower bound of a range interval is also
the lower bound of a point interval, find_interval function returns the point
interval when the value of a test instance for a feature is equal to the lower

bound of an interval. Therefore, there is no decision required to take about
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train(TrainingSet):
begin
for each feature f
for each class ¢
EndPoints[f] = EndPoints([f] U find_end_points(TrainingSet, f, c);
sort( EndPoints|f]);

if f is linear
for each end point p in EndPoints|f]
form a point interval from end point p
form a range interval between p and the next endpoint# p
else /* f is nominal */
each distinct point in EndPoints[f] forms a point interval

for each interval ¢ on feature dimension f
for each class ¢
interval class_count(f, i, ¢] =0
count_instances( f, TrainingSet);
for each interval 7 on feature dimension f

for each class ¢
. . int l_class_ t[f, 1,
interval_class_vote[f, i, ¢] = = erwd:;:azof;;&][f ‘. ]

normalize interval_class_vote(f, i, c];
/* such that }_interval_class_vote[f, i, ¢]=1%/

end.

Figure 4.20. Training phase in the VFI5 Algorithm.
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Figure 4.21. The constructed intervals by VFI5 with their class counts for the

sample dataset.
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Figure 4.22. The constructed intervals by VFI5 with their class votes for the
sample dataset.

the lower bounds as done in all other versions of VFT algorithms.

To illustrate the classification of the VFI5 algorithm on an example, let
us classify the same test example t = (5,6,?) also classified by other VFI
classifiers. This test example falls on point interval ¢16 with lower bound 5 on
feature dimension f; and on point interval i36 with lower bound 6 on feature
dimension f; shown with arrows in Figure 4.22. Since there are point intervals

on which both ¢ = 5 and ¢, = 6 fall, the individual votes of features are taken

from the corresponding point intervals.

The point interval 1,6 of feature f; on which ¢ = 5 falls votes equal to
interval classvote[f1,i16,A] = 0 and interval_classvote[fi,116,B] = 1 for
class A and class B respectively. Thus, the individual vote vector of f; is v; =
(0,1). If f, had been given the chance to make a prediction alone, it would have
predicted class B with certainty because B has received all the vote of feature f;
and class A has received none. On the feature dimension of f,, the point interval
I26 on which ¢, = 6 falls has a vote equal to interval_class_vote[ f1,126, A] = 0.57
for class A and a vote equal to interval_class_vote[fy, 126, B] = 0.43 for class B.
Thus, the individual vote vector of f; is vo = (0.57,0.43). If f; had been given
the chance to make a prediction, it would have predicted claSs A. Finally, the
individual votes of the two features are summed up corl'esponc'ii'ﬁgly@rl.d total
vote vector is v = (0.57,1.43). The VFI5 algorithm votes 0.57 for class A and
1.43 for class B, so class B with the highest vote is predicted as the class of the

test example.
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4.3 Characteristics of VFI Algorithms

In this section, the general properties of learning methods are presented in

order to characterize the VFI algorithms.

4.3.1 Knowledge Representation

Knowledge representation is one of the most important dimensions in classi-
fying machine learning techniques. Many machine learning systems acquire
knowledge in the form of rules. Another way to represent what is learned is
with decision trees as described in Chapter 2. Naive Bayesian classifier repre-
sents the learned concept with a set of conditional probabilities. On the other
hand, knowledge represenéation in exemplar-based learning models is sets of
representative instances (1, 2, 5] or hyperrectangles which represent generaliza-

tions [62, 63].

In Chapter 3, we presented a new knowledge representation scheme based
on feature projections. Generalization and specialization are made on the
basis of feature projections. This allows faster classification of test instances by
preventing the similarity computation to each training instance because feature
projections can be sorted for continuous valued features. One shortcoming of
this representation is that descriptions involving a conjunction between two or
more features cannot be represented. However, the prior research has shown
that this knowledge representation is quite powerful in the classification of
real-world tasks and does not cause any significant drop on the accuracy [32,
73, 8, 7]. All algorithms described in Chapter 3 represent the concept in some
generalized form of feature projections of the training instances. The CFP
algorithm [32] generalizes the projections of training instances in the form of
disjoint feature intervals (single-class) on each feature. The FIL algorithms
[7] also represent the concept with disjoint feature intervals on each feature.
The A-NNFP algorithm [8] uses feature projections of instances just as they
are on each feature dimension without any generalization, it only sorts the
projected values on each feature dimension in the training phase. The COFI

algorithm [73] generalizes the projections of instances of each class separately
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and produces a set of overlapping feature intervals (multi-class) on each feature.

The VFI algorithms also acquire concept descriptions by using feature pro-
jection based knowledge representation. Learned concept descriptions are in
the form of multi-class intervals. These intervals are able to represent more
than one class as in the case of overlapping feature intervals of COFI, but the
procedure to construct the intervals in the VFI algorithms is different than
the COFI algorithm. The number of intervals on a feature dimension in the
VFI algorithms does not depend on the number of training examples as it does
in other feature projection based learning algorithms. Instead, it depends on
the number of classes in the domain for linear features and on the number of

distinct values for nominal features.

4.3.2 Supervised Inductive Learning

We have defined supervised inductive learning (concept learning) in Chapter 1
as learning generalized descriptions from examples supplied by a teacher or an
environment. From a set of training instances described with a set of feature
values and labeled correctly with a class label among mutually disjoint classes,
the supervised inductive learning system learns a concept description which
will enable the system correctly classify new instances. VFI algorithms are
supervised inductive learning algorithms that take a set of preclassified train-
ing instances provided by a teacher as input and make generalizations on the
feature projections of these instances to construct the concept description in

the form of feature intervals.

4.3.3 Non-incremental (Batch) Learning

Inductive learning can be performed in two alternative ways: incremental or
non-incremental (batch) [55]. An incremental learning system processes each
instance one by one and aims at improving its internal model with each new
instance at each step. Incremental learning is the way humans learn, thus re-

searchers who explore the incremental approach are typically concerned with
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developing plausible models of human learning. The inevitable deficiency of
this approach is that it is sensitive to the presentation order of the training
examples. On the other hand, non-incremental learning systems construct
concept descriptions after seeing all training instances to maximize the perfor-
mance of the learning system. But a non-incremental learning system might

also be sensitive to the presentation order of the instances.

Incremental variations of non-incremental algorithms can usually be cre-
ated and many incremental learning methods also have non-incremental coun-
terparts. For example, IB1 is an incremental variation for the Nearest Neighbor
algorithm and FIL algorithms are somewhat non-incremental variations of the

CFP algorithm with slight differences.

VFI algorithms are non-incremental, that is, all the training instances are
presented to the VFI algorithms before training. The construction of intervals
is unique for that training set, that is, they are independent of presentation
order of training instances. However, the concept description learned by some
learning algorithms might not be unique and change with the order of presen-

tation such as the CFP algorithm (see Chapter 3 for an example).

4.3.4 Domain Independence in Learning

In some learning methods, such as Explanation-Based Generalization (EBG),
considerable amount of domain specific knowledge is required to construct ex-
planations [19]. In EBG, some domain specific knowledge is applied to formu-
late valid generalizations from a single training example. The characteristic
common to these methods is their ability to explain why the training instance

1s a member of the concept being learned.

An advantage of domain independence is that systems can be adapted to
new domains quickly without any extra domain knowledge. The CFP and
COFI algorithms use domain specific parameters. These parameters in the
CFP algorithm are A (feature weight-adjustment rate) and Dy (generalization
distances of features). In the COFI algorithm, the only domain dependent
parameter is g (generalization ratio). The k-NNFP algorithm and the FIL
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algorithms do not use any domain specific parameters. Similarly, the VFI
algorithms also do not require any domain specific parameters, thus can be
quickly adapted to any domain from which a set of training instances are
drawn and presented to the VFI algorithms as input. On the other hand,
feature weights are domain specific knowledge and a feature weight learning

method can be adapted to all feature projection based learning algorithms.

4.3.5 Multi-concept Learning

Many early concept learning algorithms have been developed for exactly one
concept and the instances are either instances belonging to the concept (pos-
itive) or not belonging to the concept (negative). Later, many learning algo-
rithms have been developed that induce multi-concept descriptions from ex-
amples. Multi-concept learning is more general than single-concept learning,
since the descriptions for any number of concepts can be learned. The VFI al-
gorithms as well as all the other algorithms mentioned in this thesis have been
designed for learning multi-concept descriptions. The focus of most classifica-
tion algorithms is multi-concept learning of disjoint concepts, that is, instances
do not belong to more than one class. But in some other multi-concept learn-
ing tasks, instances may belong to more than one class, that is classifications
of instances are possibly overlapping. VFI algorithms are capable of learning

multi-concept descriptions instead of only single-concept descriptions.

4.3.6 Properties of Feature Values

The representation of the input training instances to a classification system is
described at the beginning of Chapter 2. The instances are described with a
vector of feature values and a class (concept) label which they belong to. The
features might either be nominal (discrete, categorical) or linear (continuous).
The VFI algorithms can handle both linear and nominal features. Linear fea-
tures may take on values from —oo to oo and all possible values are linearly

ordered. Nominal features take on discrete feature values, for example, color of
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; Information about the Hungarian dataset
Features 1lnnl lnnlnlnnn
Classes 01

Figure 4.23. An example for the information provided to the FIL algorithms.

an object is a nominal feature, or binary values such as answers to yes/no ques-
tions are also nominal feature values. The only difference in handling linear
features and nominal features is that only point intervals are constructed for
nominal features whereas mostly range intervals —except some point intervals

constructed in the VFI4 and the VFI5 algorithms— are constructed for linear

features.

4.3.7 Handling Missing (Unknown) Feature Values

One of the most important advantages of the VFI algorithms is the natural
handling of missing feature values. There is no need to fill in missing values
with some arbitrary value in the VFI algorithms. This affects neither the
construction of the feature intervals in training nor the voting mechanism used
in the classification process. In addition, this is a natural approach because
in real life if nothing is known about a feature, it can be ignored rather than

assigning an average or expected value.

4.4 Implementation and User Interface

The VFI algorithms have been written in C language and implemented in Unix
environment. The input to the VFI algorithms is a file of training instances, a
file of test instances, and an information file. Figure 4.23 shows the information
file given to the VFI algorithms as input for the Hungarian dataset. A line
starting with a “;” indicates a comment line, a line starting with “Features”

tells the number and types —either linear (1) or nominal (n)— of features,

and a line starting with “Classes” tells all the possible class names that may
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appear in the whole dataset. The information file can also have an additional
line starting with “Weights”, in which the weights of the features are given.
The file of training instances has a “.train” extension and the instances in this
file is used to construct concept descriptions. The file of test instances has a
“.test” extension and the instances in this file are given as unseen instances to
the VFI classifiers and their actual class label is compared with the class label

predicted by the VFI classifiers.

The VFT algorithms can be run from the command line as well as using the
user interface that we have designed and implemented by using the Motif user-
interface toolkit. The user can select a dataset from the “Open” menu item.
Then, with an initial training ratio training and testing datasets are formed
from the dataset file having an extension *.data”. The user can also change the
default training ratio by selecting the menu item “Train Ratio”. The lowest
and highest points of each class on each feature dimension are displayed on
each feature dimension assigning a different color to each class label on the
screen. Usage of colors provides users to better visualize the predictions made
by individual features. User can proceed one by one on the test instances
by performing classification task with the “NEXT” button. Also, the user
can choose to classify all test instances at once with the “ALL” button. It is
also possible to see the previous test instances and their classifications with
the “PREVIOUS” button. On each feature dimension, the point where each
corresponding feature value of the current test instance falls is shown. The
individual votes of each feature and total votes given to each class along with
the final prediction are shown for each test instance. Classification accuracy
and no of correct classifications after classifying each test instance are updated.
The constructed intervals can be saved into a text file from the menu with
the corresponding lower bounds and class counts for each class. In order to
illustrate how our user interface looks like, two example on the Dermatology

and Arrhythmia datasets are shown in Figures 4.24 and 4.25 respectively.
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