A Technique for Advanced Dynamic Integration of Multiple Classifiers
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Abstract
Currently electronic data repositories are growing quickly and contain huge
amount of data from commercial, scientific, and other domain areas. Knowledge
discovery in databases (KDD) is an emerging area that considers the process of
finding previously unknown and potentially interesting patterns and relations in
large databases. Most current KDD systems offer only isolated discovery techniques, and very few systems use a combination of the available discovery techniques. Our goal is to design an architecture of an integrated knowledge discovery
management system (IKDMS), which enables integration of multiple discovery
techniques forming a platform upon which different KDD applications can be
build. In this paper our focus is on the method evaluation/selection subsystem of
an IKDMS. This subsystem is very important in any IKDMS because it helps a
user to select an appropriate data mining method among the supported ones. We
present and evaluate a technique for advanced dynamic integration of multiple
classifiers that is based on the assumption that each classifier is the best only inside certain sub domains of the whole application domain. We have made experiments using three databases included in the University of California Machine
Learning Repository achieving promising results either in diagnosis accuracy or in
the time requirements of diagnostics or both.
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Introduction

Currently electronic data repositories are growing quickly and contain huge amount of data from
commercial, medical, scientific, and other domain areas. The capabilities for collecting and storing
all kinds of data totally exceed the development in abilities to analyze, summarize, and extract
knowledge from this data. Knowledge discovery in databases (KDD) is a combination of data warehousing, decision support, and data mining and it is an innovative new approach to information
management. KDD is an emerging area that considers the process of finding previously unknown
and potentially interesting patterns and relations in large databases [5].

KDD is a multidisciplinary field that uses the last achievements from the disciplines of statistics, artificial intelligence, expert systems, pattern recognition, machine learning, databases, high
performance computing, and visualization. KDD is not only a theoretical research field. Nowadays
KDD has many applications that bring significant gains to organizations, for example through better
targeted marketing and enhanced internal performance [2], [3]. KDD is used not only in economics –
databases with medical, geological, and astronomical data as data from many other fields are also
rich sources of new knowledge.
KDD is usually defined as “the nontrivial process of identifying valid, novel, potentially useful,
and ultimately understandable patterns in data” [6, p.84]. KDD is a process comprising many steps,
which involve data selection, data preprocessing, data transformation, data mining (search for patterns), and interpretation and evaluation of patterns. The set of data mining tasks used to extract and
verify patterns in data is the core of the process. Data mining (DM) consists of applying data analysis and discovery algorithms for producing a particular enumeration of patterns (or models) over the
data [5]. Most current KDD researches are dedicated to the DM step of the whole KDD process.
However, this core typically takes only a small part (estimated to be 15%-25%) of the effort of the
overall process. The additional steps of the KDD process, such as incorporating appropriate prior
knowledge, data selection, data preparation, data cleaning, and proper interpretation of the results of
mining, are also essential to derive useful knowledge from data [6].
The current generation of database systems is mainly based on a small number of primitives of
Structured Query Language (SQL) which are sufficient to support a vast number of business applications, but not sufficient to capture the emerging family of new applications dealing with knowledge discovery [10]. Most current KDD systems offer only isolated discovery techniques (tree inducers, neural nets, or rule discovery algorithms). Very few systems use a combination of available
discovery techniques. Most current KDD systems are based on a loosely coupled architecture, where
the database and the data mining subsystems are realized as separate independent parts. This architecture demands continuous context switching between the two subsystems. Such KDD systems are
called first-generation database mining systems [10].
Nowadays there is a growing need for second generation database mining systems that manage
KDD applications just as SQL-based systems successfully manage database applications. These
systems should integrate the data mining and database subsystems and automate all steps of the
whole KDD process as much as possible. In this approach, the data mining subsystem is usually
combined with the database subsystem, avoiding context switching between the database and data
mining parts. These systems should be able to discover knowledge by combining several available
KDD techniques.
Recently numerous KDD systems have been developed. There are mainly two basic approaches
in modern KDD systems. First includes domain-specific tools that support discovery in a single domain only. Such systems commonly use the language of a user and he needs very little knowledge
about the analysis process itself. The second approach includes technique-oriented systems that use
one or several knowledge discovery techniques which can be applied in different domains. Most
such systems use only single technique (e.g. decision tree, neural network, case based, or rule discovery technique). Very few of these systems propose the use of a combination of the available
techniques. Examples of systems which combine several discovery techniques are considered for
example in [2], [3].
Our goal is to design an architecture of an integrated knowledge discovery management system
(IKDMS), which enables integration of multiple discovery techniques forming a platform upon
which different KDD applications can be build. In this paper our focus is on the method evaluation/selection subsystem of an IKDMS. This subsystem is very important in any IKDMS because it
helps a user to select an appropriate data mining method among the supported ones. We present and
evaluate a technique for advanced dynamic integration of multiple classifiers that is based on the

assumption that each classifier is the best only inside certain sub domains of the whole application
domain.
The rest of the paper is structured as follows. In Chapter 2 we present an architecture of an
IKDMS. In Chapter 3 we focus the method evaluation/selection subsystem and present and evaluate
a technique for advanced dynamic integration of multiple classifiers with some experiments. We
conclude with some future research topics in Chapter 4.

2 An architecture of an IKDMS

In this chapter we present an architecture of an IKDMS and discuss the main parts os it. The proposed structure of an IKDMS is presented in Figure 1.
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Figure 1: An architecture of an IKDMS
Each subsystem of the IKDMS presented in Figure 1 is intended to automate one basic step of
the KDD process and together the whole KDD process as much as possible. The data base management subsystem performs for data storage, retrieval, and manipulation using the standard SQL operations. It is important that this subsystem supports distributed and heterogeneous data and complex data types, adopts a client/server architecture, and can access databases of standard wide-used
formats, e.g. ODBC-compatible databases. For example, the ODMG-93 standard can be used as it is
proposed in [2].
The data preprocessing/visualization subsystem provides which are needed to prepare data far
data mining and visualization facilities to apply exploratory data analysis before data mining techniques are used. The data preprocessing tools are used to remove noise, handle missing data fields,
reduce data and make data projections.
The data mining subsystem incorporates different mining techniques for creating models and
extracting patterns of data, e.g. classification, clustering, and dependency modeling techniques. It is

important that this subsystem is open allowing easy addition of new techniques as through a “plugin” interface or implemented as internal procedures using a built-in programming language. This
allows rapid extension of the IKDMS without redevelopment the system core.
The method evaluation/selection subsystem is very important, helping a user to select an appropriate data mining method. We have developed already several techniques for the problem of
method selection in data mining [14]-[17]. Our results shown that dynamic selection that took into
account the expertise areas of each data mining method can lead to better data mining results.
The result visualization/report generation subsystem includes tools for visualization of models
being built and patterns discovered and for generation of reports including discovery results. This
subsystem helps a user to interpret and evaluate extracted patterns and models which is essential for
the process of obtaining new knowledge. This subsystem helps a user to determine which patterns
can be considered new knowledge and to make correct conclusions.
The built-in programming language is offered by programming language interface and it is
needed to provide extensibility of the IKDMS and to make it configurable to different applications.
SQL is extended in [10] to the notion of KDD query language that is proposed to be used in knowledge and data discovery management systems, i.e. in database mining systems of the second generation.
The graphical user interface guides the user through the discovery process helping to reduce the
requirements in user’s expertise in KDD. This module hides the power and complexity of discovery
subsystem deep inside the IKDMS. The graphical user interface should allow an end-user to use the
system without any programming abilities.

3 Method evaluation and selection

In this chapter we discuss more deeply about the very important method evaluation/selection subsystem, that helps a user to select an appropriate data mining method among the numerous data
mining methods recently suggested. The problem of appropriate method selection has long been
solved by static selection approach and only recently effective dynamic selection approaches have
been proposed. When the method selection is done dynamically taking into account the characteristics of each instance, then the solution of the selection problem usually gives better results.
In this chapter we present a technique for advanced dynamic integration of multiple classifiers.
This technique can be used as a base of the method evaluation/selection subsystem of an IKDMS.
The technique is a new variation of the stacked generalization method [18]. We use the basic assumption that each component classifier is the best inside certain sub domains of the whole application domain and try to estimate and present these competence areas in a way that can be used in
the dynamic selection of methods.
The problem of integrating multiple classifiers can be defined as follows. Let us suppose that a
training set T and a set of classifiers C are given. The training set T is {(x i , yi ), i = 1,..., n} , where n
is the number of training instances, xi is the i-th training instance presented as a vector of attributes

{x }, j = 1,..., l (values of attributes are numeric, nominal, or symbolic), and y ∈{c ,..., c } is the
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actual class of the i-th instance, where k is the total number of classes. A set of classifiers C is
{C1 ,..., Cm }, where m is the number of available classifiers (we shall call them component classifiers). Each component classifier is either derived using some learning algorithm or ‘hand-crafted’
classifier constructed using some heuristic knowledge. A new instance x* is an assignment of values

{ }

to the vector of attributes x j . The task is to select from the set C one or several classifiers that
together make the best classification of the new instance x*.
In the recent research two basic approaches are used to integrate multiple classifiers. In the first
approach the results of component classifiers are combined and in the second approach the best
classifier for the new case is selected and applied. We propose a technique that applies the second
approach and selects the right classifier dynamically for each new input instance. Our goal is to use
each component classifier just in the sub domain where it is the most reliable one, and thus achieve
overall results that can be considerably better than those of the best individual classifier alone.
Our technique contains two phases as the stacked generalization. In the learning phase the performance matrix is formed and stacked. It contains information about the performance of each component classifier in each training instance. In the second phase, application phase, the combining
classifier (weighted nearest neighbor - WNN [1]) is used to estimate the performance of each component classifier for the new instance based on the performance information collected during the
first phase. In this approach just the classifier with the best predicted performance is then used to
make the final classification. In the case of ties, the classifier with the smallest ordinal number is
used (the component classifiers are ordered in an advance).
Instead of the component classifier predictions which are used in the stacked generalization, we
use information about component classifier performance for each training instance. During the first
phase we calculate for each training instance the vector of classifier errors that containing m values.
These values can be binary (i.e. classifier gives correct/incorrect result) or they can represent corresponding misclassification costs. This information about the component classifier performance is
then stacked (as in stacked generalization) and it is further used during the second phase together
with the initial training set as the meta-level knowledge for estimating errors in the classification of
a new instance.
The jackknife method (also called leave-one-out cross-validation or the sliding exam) [1] can
be used to calculate the component classifier errors for the training instances of the training set. In
the jackknife method, for each instance in the training set each of the m component classifiers are
trained using all the other instances of the training set. After training the held-out instance is classified by each of the trained component classifiers. Then, comparing the prediction of each component classifier with the actual class of the held-out instance, a vector of method errors (or misclassification costs) is formed. When this is applied for every instance we receive n vectors collected into
the matrix of classifier performance Pn × m . This matrix is used with the set of attributes of training
instances T as the training set when the meta-level classifier Tn*×( l +m) is formed (l is the number of
attributes).
The jackknife method is very labor-consuming. In the cases when the training set has many
training instances with many attributes it is more reasonable to use the cross-validation technique
[1]. In the cross-validation technique all the instances of the training set are divided randomly into v
approximately equal sized partitions that are usually called folds. Each classifier is then trained on
v-1 folds v times and tested v times on the fold being held-out. Thus the above jackknife method is a
particular case of the cross-validation, where the size of each fold is exactly one. In the case we
have pre-existent (non-learning) heuristic classifiers we do not need the jackknife or crossvalidation; the accuracy of such classifiers is directly evaluated using the initial training instances.
To predict the errors of component classifiers, we propose the use of the weighted nearest
neighbor classification (WNN). WNN simplifies the learning phase of the composite classifier. The
composite classifier that uses WNN does not need learning m referees (meta-level classifiers) as it
was proposed in [13]. In the learning phase one needs only to calculate the component classifier performance matrix. In the application phase the nearest neighbors of the new instance are found out
among the training instances and the corresponding component classifier performances are used to

predict the performance of each component classifier. In the calculation of performance predictions
we sum up the corresponding performance values of a classifier using weights that depend on the
distances between the new instance and its nearest neighbors.
The use of WNN as the meta-level classifier is based on the assumption that each classifier has
certain sub domains of the space of instance attributes, where it is more reliable than the other ones.
This assumption is supported by experiences, that component classifiers usually work well not only
in certain points of the domain space, but in certain sub areas of the domain space. The performance
of a classifier usually changes gradually from one instance to another near-by instance. Thus if a
classifier does not work well with the instances near the new instance, then it is quite probable that
it will not work well with the new instance. Of course, the training set should provide a good representation of the whole domain space in order to make such statement highly confident.
This approach was evaluated on several benchmark data sets taken from the UCI Machine
Learning Repository. It was also compared with other classifier selection methods. The results of
these comparisons were considered also in [16,17]. They show that this dynamic classifier selection
very often produces more accurate results than other methods and shortens the time demands of the
application phase.
We made experiments with our dynamic integration technique of multiple classifiers using the
following three data sets from the University of California Machine Learning Repository: Iris Plants
Database, BUPA Liver Disorders database, and Heart Disease Database [12]. The three classification methods that we used are [1,9,11].: DANN (Discriminant Adaptive Nearest Neighbour Classification), K-NN (K-nearest neighbour classification), and LDA (Linear Discriminant Analysis). We
first describe shortly the databases and then the results of experiments.
The Iris Plants Database created by R.A. Fisher [7] is perhaps the best known database in the
pattern recognition literature. Fisher’s paper is considered a classic in the field and it is referenced
frequently. The data base contains 150 instances. Each instance has 4 predictive numeric attributes:
sepal length in cm, sepal width in cm, petal length in cm, and petal width in cm and one classification attribute with three possible values: Iris Setosa, Iris Versicolour, and Iris Virginica. There are no
missing values included. There are equal number of instances in each three class (i.e. type of iris
plant) and one of the classes is linearly separable from the other 2 but those two are not linearly
separable from each other. This is an exceedingly simple domain and very low misclassification
rates have been reached already long ago [4,8] .
The average cross-validation errors for the three classification methods were the following:
DANN 0.053, K-NN 0.040, and LDA 0.053. Thus the misclassification rate is very low in this simple domain. Our method did not give any improvement in the accuracy, but the time required was
considerably shorter because our dynamic technique applied simpler and thus quicker diagnostic
method where it was possible. Our technique required only half of the time taken by the single best
method.
The BUPA Liver Disorders database created by BUPA Medical Research Ltd contains 345
instances. Each instance has 7 numeric attributes, the first five ones are results of blood tests of
male patients: mean corpuscular volume, alkaline phosphotase, alamine aminotransferase, aspartate
aminotransferase, and gamma-glutamyl transpeptidase. These are thought to be sensitive to liver
disorders that might arise from excessive alcohol consumption. The sixth atribute is the number of
half-pint equivalents of alcoholic beverages drunk per day, and the last one is selector field that is
used to split the data into two sets. It has previously been discovered that "drinks# > 5" is some sort
of selector on this database. There are no missing values in the data set.
The average cross-validation errors for the three classification methods were the following:
DANN 0.333, K-NN 0.365, and LDA 0.351. Thus the misclassification rate is clearly higher than
with Iris classification domain. Our technique gave average error rate 0.134 that is essentially lower
than 0.333 of the best single classification method.

The Heart Disease Database created by European Statlog project contains 270 instances.
Each instance has 13 attributes which have been extracted from a larger set of 75 attributes. There
are six real number attributes: age, resting blood pressure, serum cholestoral in mg/dl, maximum
heart rate achieved, oldpeak = ST depression induced by exercise relative to rest, number of major
vessels (0-3) colored by flourosopy, one order type attribute: the slope of the peak exercise ST segment, three binary attribute: sex, fasting blood sugar > 120 mg/dl, exercise induced angina, and
three nominal attributes: chest pain type (4 values), resting electrocardiographic results (values
0,1,2), and thal: 3 = normal; 6 = fixed defect; 7 = reversable defect. The variable to be predicted is
the absence or presence of heart disease. There are no missing values in the data set.
The average cross-validation errors for the three classification methods were the following:
DANN 0.196, K-NN 0.352, and LDA 0.156. Our technique gave average error rate 0.08 that is essentially lower than 0.156 of the best single classification method. The Heart database includes also
the cost matrix where the cost of misclassification to the class absence of heart disease in the case
heart disease is five times as high as the other possible misclassification. Using the cost matrix frequently changed the decision of our dynamic technique.
4 Conclusions
In this paper we presented an architecture of an IKDMS. The structure of the system was discussed
with short discussion of the main parts of it. The system consists of several basic subsystems, helping to automate different KDD steps: the database management subsystem, the data preprocessing/visualization subsystem, the data mining subsystem, the result visualization/report generation
subsystem, and the method evaluation/selection subsystem. In data mining one of the key problems
is the selection of the most appropriate data mining method. Thus the method evaluation/selection
subsystem is very important part of the whole system helping a user to select an appropriate method.
We presented and evaluated a technique for advanced dynamic integration of multiple classifiers that can be used as the base of the method selection subsystem. The technique is based on the
assumption that each component classifier gives the best results inside certain sub domains of the
whole application domain. It was shown in experiments that this technique performs better than
analogous ones. However, this technique considers integration of classifiers only, not taking into
account selection of other important methods needed in the whole KDD process (e.g., feature selection methods). Further research is needed to develop the proposed IKDM architecture so that it can
be implemented and to extend the features of the method evaluation/ selection subsystem in order to
provide a user with a guidance through the whole KDD process.
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