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Abstract
A hybrid data exploration and modeling method that
combines multi-way recursive partitioning with the
probabilistic reasoning of Bayesian networks is presented.
This hybrid method uses the feature extraction capabilities
of recursive partitioning to explore the data and construct
the network. This manner of feature extraction has the
advantage of being able to handle real, raw data sets,
which typically have many more features (not all
informative) than samples. The resulting network’s
uncertain/probabilistic reasoning, and semantic and
statistical justification qualities provide the user with a
strong predictive ability and understanding of the domain.
This method is able to accommodate both continuous and
discrete variables, missing data, and non-independent
features. In addition, no assumptions are made regarding
the underlying structure(s) within the data. Given its strong
predictive ability, data handling and information extraction
capabilities, and its statistical and semantic justification,
applications such as QSAR, risk assessment, and
toxicological evaluations could benefit from this method.

Introduction

Quantitative Structure Activity Relationship (QSAR)
studies are an integral part of certain kinds of chemical
analyses, such as drug discovery and environmental
toxicology (Goodford 1996). QSAR studies attempt to
determine relationships between a compound’s
quantifiable biological activity and its structural and
molecular features (Richards 1989, Goodford 1996). If a
QSAR study is performed with the ambition of being able
to predict the biological activity of a new compound given
its molecular descriptors, the data analysis involved can be
treated as any other classification problem.

Classification, also called pattern recognition, is the
systematic grouping of objects based on perceived
similarities in their common attributes. Across the fields
of statistics, computer science, and chemometrics, many
different classification techniques have evolved; each
having its own advantages and limitations. Standard
statistical and cluster analysis techniques make
assumptions about the underlying class structures in the
data set (McLachlan 1992; Ripley 1996). Methods such as
the Bayes’ classifier, neural networks, and Soft
Independent Modeling of Class Analogy (SIMCA) do not
make assumptions about the class structures present in the

data but do require large amounts of data to build
adequately descriptive and predictive models (Ripley
1996). The classification problem thus becomes a matter
of creating a model with maximal performance and
interpretability, which makes the fewest possible number
of restrictive assumptions.

QSAR studies are inherently limited in their size and
experimental design. Ideally, to make the most accurate
and reliable models for human toxicity studies, for
example, data on human subjects would be available for
all ranges of toxicity for several hundred compounds.
Obviously, ethics and practical considerations make this
ideal impossible to reach. QSAR data sets can also be
riddled with vague results. Consider a study that tests a
compound’s toxicity using rats. Without running an exact
and parallel study using human subjects, there will be at
least some uncertainty in the results as translated into
human toxicity.

Because of the limitations of available QSAR data, a
reliable classification method would need to be able to
deal with uncertainty, handle missing data, extract the
discriminating information from many non-
independently-informative features, and not make
assumptions about the size or underlying class structures
of the data set. In addition, if the QSAR study were
performed for drug discovery or human toxicology
purposes, it would certainly require that the results be
semantically interpretable and statistically justified. This
paper describes a hybrid method of classification that
combines multi-way recursive partitioning and the
uncertain/probabilistic reasoning of Bayesian networks,
and satisfies all of these criteria.

Uncertain Reasoning and Bayesian Networks

In recent years, a great deal of interest has been expressed
in using Bayesian networks, also called Bayesian belief
networks and belief networks, for classification purposes
(Langley, Iba, and Thompson 1992; Langley and Sage
1994; Heckerman and Meek 1997). Bayesian networks are
a type of expert system that employ uncertain
(probabilistic) reasoning, in the form of Bayesian
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statistics1 (Jensen 1996; Pearl, 1988). These networks are
directed acyclic graphs that provide a visual representation
of a domain. Bayesian networks are typically encoded with
an expert’s knowledge of a domain through an extensive
interview process.

When used as a classifier, the feature and class
variables are represented in the network by nodes, and the
relationship between any two variables is represented by a
directed arc that connects the two nodes corresponding to
the two variables (Figure 1).

Figure 1

Each node is assigned ‘state values’ to account for all the
possible values that an object’s feature could occupy.
These values are both exclusive and exhaustive with
reference to the possible values a variable may have.
When a node represents a class variable, the state values
for that node are a list of the possible classifications of the
object.

Every state for every node is assigned a prior
probability, the probability that the variable occupies each
state without having observed any evidence about that
node. Often, the prior probabilities are set to be
maximally non-informative, i.e. 0.50 for a node having
two possible states. Then, the likelihood ratios for each
variable’s state values are entered into the network. These
values are initially set to equal one, but can be adjusted
later to accommodate ‘backward inferencing’, the
situation where the occurrence of an event implies a
change in the posterior probability of the influential
evidence’s occurrence. Once all of the nodes, their states,
and their probabilities are encoded, arcs are drawn to
connect any two nodes that have an influence on each
other's states. Each arc is encoded with the conditional
probability tables for all of the possible combinations of
the states of the nodes that the arc connects.

After all of the probability information is encoded into
the network, a new sample is classified by setting the
states of the variable nodes to reflect their values for that
                                               
1 For a complete review of Bayesian statistics, the reader is referred to  Box
and Tiao 1992.

sample. The entire network is then re-evaluated using
Bayesian statistics to determine the posterior probabilities
for each state in the class node.

Advantages and Disadvantages of Bayesian
Network Classifiers
There are several advantages to using a Bayesian network
as a classifier. The Bayesian network acts as a non-crisp
classification system with a firm statistical foundation. In
this respect, the classifier reports the posterior probability
of the new sample’s belonging to all of the possible
classes. This provides an indication of what other classes
the sample might belong to in the event of a
misclassification. An additional advantage is that a
Bayesian network classifier can be updated given new
samples. When the state of a node is newly instantiated,
the conditional probability tables allow for the calculation
of updated probabilities, taking the new evidence into
consideration, thus allowing the classifier to ‘learn’ from
the new data.

A less quantitative, but more intuitive advantage is that
of semantic justification and interpretability. After the
network has been created and evaluated, the combinations
that result in a particular classification can be determined,
thus semantically determining the system’s classification
rules. These rules can then be further justified to both the
novice and the expert with the underlying Bayesian
statistics.

The primary disadvantage of Bayesian networks is the
requirement of an expert to provide domain information
for the network’s creation. Although there has been a
considerable amount of research in the area, the creation
of Bayesian network classifiers has been restricted to data
sets with only a few, very informative variables. In this
respect, independent Bayesian network classifiers are
unsuitable for QSAR studies.

Recursive Partitioning and Tree-Based
Methods

Classification and Regression Trees (CART) were
introduced into the statistics community by Breiman et al.
in 1984. Classification using CART is performed by
creating recursive partitions of a data space. With this
method, a data space is searched for the optimal value of
a feature variable that discriminates between pre-defined
classes in the data. The data space is then partitioned
along that variable's value, such that each resulting
subspace has greater class purity than the original space.
Each of these new subspaces is subjected to the same
search and splitting procedure. This recursive partitioning
continues until a pre-defined stopping criterion is reached;
this is usually a purity or population metric of the final
subspaces.

Once the partitioning of the training data is complete,
the splits can be shown graphically. A visual display of
the separated data structure results, and is referred to as a
‘tree’. The ‘root’ of the tree is the original, un-split data
space. Each variable value upon which the classifier split
the data is displayed as a ‘branch’ of the tree. Each final
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subspace is called a ‘leaf’ node. Typically, each leaf is
ascribed a class value determined by the class most
represented in the leaf (Ripley 1996, Venables and Ripley
1994).

This classification tree can be cross-validated to
determine the optimal representation of the data. Upon
selection of a final tree structure, new samples may be
easily classified by determining to which leaf the sample
belongs based on the values of that new sample's features.

Different tree-based methods have been developed in
the fields of statistics, computer science, and even
engineering (Ripley 1996). Essentially, these techniques
perform the same fundamental classification action as
CART, but vary from CART in the algorithmic
implementations of their splitting procedures, stopping
criteria, and class assignments.

Advantages and Disadvantages of Tree-Based
Methods
Tree-based methods have advantages over typical
classification techniques in that they are easily
interpretable and inherently feature selecting. Also, both
continuous and categorical data can be handled by these
techniques. In addition, the only fundamental assumptions
made when using a tree-based classifier are the same
assumptions that must be made when approaching any
classification problem. These are: (1) there is some
possible way to partition the data that will result in a
correct classification of all of the observations; (2) the
training samples are independent and random; and, (3) the
data are representative of the system under study
(Venables and Ripley 1994).

Unfortunately, the major disadvantage to using tree-
based classifiers is that, due to computational complexity,
the partitioning of the data space is generally restricted to
be binary. A binary splitting procedure is counter-intuitive
for data sets with more than two classes. In effect, it may
take a method like CART several more splits than would
be necessary if it were, for example, able to create one,
four-way partition on a feature variable. Another
disadvantage, that is common to many classification
techniques, is that the classification results are 'crisp'.
When a new sample is misclassified, these methods
provide no information about which other classes might
have been more appropriate.

The Hybrid Classifier

The proposed hybrid classification method combines the
feature selection capabilities of recursive partitioning and
the uncertain reasoning of Bayesian networks. Using a
multi-way recursive partitioning technique, the data space
is searched for all of the discriminating values of each
variable. This is in contrast to searching for one optimum
value of a variable at which to make one binary split for
each partitioning step. The data space is then partitioned
until the subspaces reach a pre-defined purity criterion

Once the data space is separated into its final
subspaces, the Bayesian network is constructed from the

information derived from the multi-way partitioning
procedure and results, thus eliminating the need for expert
information for the network’s creation. A node is created
for each feature determined to be significantly
discriminating between classes. The state values of each
node are determined by the values upon which the
variable was split in order to partition the data. Finally,
the probability information is determined for each state in
each node. The prior probabilities are set to be maximally
non-informative, and the posterior probabilities are
calculated using the frequentist probability information of
the final subspaces.

Advantages and Disadvantages of the Hybrid
Classifier
The hybrid classifier retains all of the advantages of
Bayesian network classifiers and tree-based classifiers. It
has a sound statistical foundation, and is easily
semantically interpreted and justified. It can handle both
continuous and categorical data, and can be updated given
new data. In addition, this hybrid classifier provides
information about the probabilities of a sample’s
belonging to each of the possible classes. In this way,
when a new sample is missing data, or one of its
variables’ values would otherwise make it unclassifiable
(an outlier), this method will still return the probabilistic
class assignments.

This classification method provides a probabilistic
classification based solely on the training data available
and makes no assumptions about the underlying class
structure (class sizes or variances) of the data. In fact, the
only assumptions that must hold true are that the data can
be separated into classes, and that the data is sufficiently
representative of the system under study to build an
adequate model of the domain.

The only serious disadvantage to the hybrid classifier is
its computational intensity, both for the recursive multi-
way partitioning and the Bayesian network construction
and evaluation.

Concluding Remarks

The classifier that results from combining multi-way
recursive partitioning and uncertain reasoning retains all
of the advantages of each individual technique, and
alleviates the major disadvantages of both. This classifier
also satisfies the statistical and semantic requirements of
typical QSAR studies.
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