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Abstract.The experience gained from thorough analysis of many decision tree (DT)

induction algorithms, has resulted in a unified model for DT construction and reli-

able testing. The model has been designed and implemented within Intemi – a ver-

satile environment for data mining. Its modular architecture facilitates construction

of all the most popular algorithms by combining proper building blocks. Alterna-

tive components can be reliably compared by tests in the same environment. This

is the start point for a manifold research in the area of DTs, which will bring ad-

vanced meta-learning algorithms providing new knowledge about DT induction and

optimal DT models for many kinds of data.
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1 Introduction

Numerous articles on decision tree (DT) induction have been published so far and

new ones appear from time to time. Each proposed algorithm includes a number of

solutions, that can be applied in different combinations, not only the ones originally

presented.

There is still a need for thorough research on advantages and drawbacks of dif-

ferent approaches. The most popular books on the subject [2, 22] are devoted to

particular algorithms and have been published a long time ago. A newer book pub-

lication [24] has also undertaken the subject, but the area remains not exhaustively

examined. Some comparisons of DT algorithms have also been published, but they

are restricted to some split criteria [3, 16] or pruning methods [4, 17, 21].

The major reason of the lack of satisfactory comparative research seems to be

the lack of a versatile environment that would make the research really simple.
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Some approaches to extensive DT methods libraries have been undertaken (like

MLC++ [13], TDDT [23]), but they also suffer from significant limitations (they

are restricted to DTs only, so comparison with other methods is not straightforward,

they are not ready for deep advanced analysis at the meta-level, etc.).

Recently, a system called Intemi [9, 10] has been designed and implemented. It

constitutes a perfect framework for such tasks. Therefore, this framework has been

used to implement the unified model of DT algorithms, presented in this article.

The general approach to DTs is the first step towards advanced meta-learning

in the area of DTs. With such a tool, it is not difficult to examine the influence of

particular elements of the algorithms to the whole model accuracy, and to gain meta

knowledge on how to construct learning algorithms to succeed in the analysis of a

given dataset.

This article presents a result of the effort related to two branches of science:

computational intelligence on one side and object oriented design on the other. Deep

analysis of many DT algorithms and their applications brought a general object

oriented framework for construction and testing of a variety of learners. Like in most

DT algorithms, the focus is put on classification tasks, however any application of

the general model is possible by providing alternative components.

Below, section 2 reviews the most popular DT algorithms, section 3 presents

the unified model of DT learning machines, section 4 shows which kinds of build-

ing blocks compose particular well known algorithms and section 5 signals the

advantages of the framework in some applications.

2 Decision Tree Algorithms

The literature provides an abundance of DT algorithms of quite different nature and

their different applications. One of the first algorithms to propose hierarchical splits

of feature spaces resulting in the form of DTs was ID3 [20]. It dealt with categor-

ical data features only and used information gain measure to determine the splits.

The most popular DT classification learners are C4.5 [22] (an extension of ID3) and

CART [2]. They split DT nodes with the information gain ratio and the Gini index

criterion respectively. They offered some solutions in DT pruning, validation, deal-

ing with missing values in the data etc. Another approach has used the SSV criterion

[7, 8] for node splitting.

Other interesting algorithms of slightly different nature are Cal5 [19] and the

family of “statistical” DTs: FACT [14], QUEST [15] and CRUISE [12].

All of the methods listed above are capable of building so-called univariate trees,

i.e. trees which split nodes on the basis of the values of a single data feature. Some

of them (e.g. CART or FACT) were also proposed in multivariate (usually linear)

versions.

Most common multivariate DTs perform hierarchical data splits by finding lin-

ear combinations of data features and adequate threshold values for the splits. The

linear discrimination learning is the fundamental part of each of these algorithms.
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The most popular and most successful approaches (apart from CART, FACT and

CRUISE) include OC1 [18], LMDT [25], LDT [26], LTree, Qtree and LgTree

[5, 6], DT-SE, DT-SEP and DT-SEPIR [11] and the algorithm exploiting the dipolar

criterion [1].

3 Unified View of Learning Decision Trees

A thorough analysis of all the algorithms listed above (and also some other less

popular approaches) has brought numerous conclusions on their similarities and

differences. The conclusions have resulted in the uniform view described below.

From the topmost point of view, the tasks related to building decision tree models

can be split into two separate groups:

• algorithms of tree construction,

• methods of tree refinement that are applied on top of different tree construction

algorithms, including various techniques of post-pruning and approaches like

iterative refiltering.

They are discussed separately in the following subsections.

3.1 Decision Tree Construction

Following the top-down approach of object-oriented analysis and design, we can

determine components of the tree construction algorithms:

• search strategy that composes the tree node by node,

• node splitter i.e. a procedure responsible for splitting the nodes,

• stop criterion i.e. the rule that stops the search process,

• split perspective estimator i.e. a procedure that defines the order in which the

nodes of the tree are split – when using some stop criteria, the order of splitting

nodes may be very important, but in most cases it is irrelevant,

• decision making module which provides decisions for data items on the basis

of the tree,

• optional data transformations that prepare the training data at the start of the

process or convert the parts of data at particular nodes.

A sketch of dependencies between the modules is presented in figure 1. It can be

viewed in terms of classes and interfaces: each box represents an interface and

presents a group of classes implementing the interface. Although one could re-

gard UML diagrams as more appropriate form of presentation for the object ori-

ented design of the system, this form is not used here, because it would take much

more space and would be less readable. In the figure, the solid arrows represent

submodule relation while the dotted ones show the modules used by the search

process.
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Decision tree construction

Data transformation

1 discretization

2 continuous to discrete

3 feature selection

4 feature extraction

5 class grouping

Search method

1 greedy search – hill climbing

2 beam search

3 greedy with forward check

Split perspective estimator

1 perfect classification perspective

2 perfect SSV perspective
Stop criterion

1 stop when accurate enough

2 stop when node small

3 stop when k leaves

4 stop when all satisfied

5 stop when any satisfied

Tree decision

1 node majority classification

2 branch majority classification

3 above with Laplace correction

4 above with m-estimate

Node splitter

1 greedy 1D search for splits

2 analyze whole features

3 select feature and split

4 find linear combination and split

Split quality measure

1 classification accuracy

2 Information Gain

3 Information Gain Ratio

4 Gini index

5 SSV criterion

Whole feature splitter

1 LDA

2 QDA

3 discretize and test (Cal5)

Split feature selector

1 F or χ2 statistic

2 Q statistic

Fig. 1 Information flow between DT construction algorithm modules.

Search Strategies

The search process is the main part of each tree construction algorithm. It uses the

functionalities of other modules to grow the tree. Describing shortly: it uses the node

splitter to split subsequent tree nodes. The other modules are used to control some

details of the process:

• The stop criterion is used to decide when to stop further growth of the tree. Usu-

ally, further splits are rejected when the nodes are pure enough or get too small.

• The split perspective estimator rarely affects the resulting tree. It is used to define

the order in which the nodes are split. The order may be important when using

a stop criterion that acts globally e.g. sends a stop signal when the tree gets a

predefined size.
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• The data transformation may be used at each node to somehow prepare the node

data before the split. It may be a way to implement the technique of LTree family

of algorithms, where new features are generated at each node and then analyzed

with a split quality measure like information gain. It can also simplify the data at

particular node after the split of its parent—for example a feature can be deleted,

when it is useless, e.g. all data vectors share a single value of that feature.

• The decision module of the tree does not drive the search process, but the coop-

eration with the search module may be very advantageous from technical point

of view, because the decision module may prepare some information for fur-

ther decision making just in time, when the information is available i.e. during

the search process. When such information is extracted, some information like

the training datasets of particular nodes may be discarded from memory, which

improves the efficiency of the process.

Almost all approaches to DT induction use the same search method: they split the

nodes recursively from the root node until the leaves are obtained. The search pro-

cess is called a top-down induction, a recursive splits process, a depth first search,

hill climbing etc. All the terms, in this context refer to the same algorithm.

The SSV approach and some others performed some experiments with other

search methods like beam search or the hill climbing augmented by some insight

into further split possibilities and results, but in fact, a thorough analysis of such

approaches with reliable conclusions should still be done.

Node Splitters

In the algorithms listed in section 2, three different approaches to node splitting

may be observed. Some methods perform a greedy search through all possible splits

(sometimes only binary, sometimes also with more than two subnodes): CART,

C4.5, SSV, LMDT, OC1 etc. Some others (FACT, QUEST, CRUISE, Cal5) select

a feature to split in a separate procedure, and then split according to the selected

feature. A version of Cal5 with entropy based split selection, finds a single split for

each feature and then uses a split quality measure to select the best one.

Each of the three techniques requires different set of components to be fully

configured—a selection of methods from three groups: split quality measures, whole

feature splitters and split feature selectors (see the arrows in the figure 1).

Decision Making Modules

The decision making module is usually a classifier that determines target values

according to the class distribution in appropriate tree leaf, however some other ap-

proaches can also be found. Some researchers try to introduce simple corrections

to this decision function (like Laplace correction or m-estimate), but in fact, they

do not change the decision, but just soften it, when probabilities of belonging to

different classes are provided. In LTree family of algorithms [5], a decision making

strategy is proposed that respects class distributions in the nodes of the whole branch

of the tree (responsible for classification of particular data item), so the decision may

significantly differ from the one taken on the basis of the leaf only.
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3.2 Decision Tree Refinement

Since in noisy domains DT algorithms are prone to overfit the training data, some

techniques of improving generalization abilities had to be worked out. Simple stop

criteria have proved to be far from satisfactory and in many publications they are

referred to as significantly worse than numerous post-pruning methods. Therefore,

most approaches build complete trees, possibly overfitting the training data and then

prune them with methods of two groups:

• algorithms based on statistical tests (Pessimistic Error Pruning, Error-Based

Pruning, Minimum Error Pruning) or on the Minimum Description Length

principle,

• validation based methods.

The techniques belonging to the first group are in general much faster then those

of the second group, because they do not test on external data to determine which

nodes to prune, but just analyze the training process with statistical tests. Unfortu-

nately, they often result in less accurate trees in comparison to the methods of higher

computational cost.

The second group of methods may be further split to the ones that use a single

validation dataset (Reduced Error Pruning is the most common technique, but in

fact, all the methods of the second subgroup can be applied also in this way) and

those, performing multiple training and test cycles (Cost-Complexity Pruning, Crit-

ical Value Pruning and degree based pruning of SSV). The last ones are naturally

the most time consuming.

The unified framework described here includes all the approaches mentioned

above as instances of the two (or three, if those with single validation pass are

regarded as separate) general schemes.

3.3 Other Details

Some DT algorithms use additional techniques which are not visible in the figure.

These include different ways of dealing with missing data or reflecting classifica-

tion error costs in the tree building processes and in final decision making. Such

techniques are easily incorporated into data transformations (missing value imputa-

tions), split quality measures (error costs), tree decision making (surrogate splits of

CART), etc. The space limitations do not let us go into more detail here.

4 Well Known Algorithms as Instances of the Uniform

Approach

All the algorithms listed in section 2 perfectly fit the unified view presented in

section 3. They have been decomposed into suitable modules. Table 1 presents gen-

eral information about the types of modules required to realize the goals of particular

algorithms. It is not possible to show all the details in such compact visualization.
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Table 1Most popular DT algorithms in terms of the unified model.
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Initial data transf. 1 2

Search method 1 1 1 1 2 3 1 1 1 1 1 1 1 1 1 1

Split perspective m. 1 1 1 1 2 1 1 1 1 1 1 1 1 1 1

Stop criterion 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Node data transf. 2 5 4

Node splitter 1 1 1 1 2 3 3 3 3 4 4 4 1 4 4

Split quality m. 2 3 4 1 5 2 3

Whole feature splitter 3 1 2 1 2

Split feature selector 2 1 1 1

Tree decision 1 1 1 1 1 1 1 1 1 1 1 2 1 1

Some table cells contain more than one numbered bullet indicating that the meth-

ods have several variants. Some options are deliberately omitted to keep the table

readable, for example, all but one algorithms are assigned 1 in the row of tree

decision, while in fact, many algorithms were tried also with Laplace correction or

m-estimates of probabilities.

5 Framework Facilities

The preceding section illustrates how different popular DT induction methods can

be constructed from components. Such architecture is very beneficial, when an anal-

ysis on the meta-level needs to be performed. It is especially useful in meta-learning,

which seems to be the future of data mining.

The framework is being successfully used in research activities concerning dif-

ferent aspects of DT induction. It facilitates as just comparisons of different compo-

nents in action, as possible. For example, to perform a reliable comparative test

of different split criteria, we embed each competing component into the same

surroundings consisting of a repeated cross-validation of a DT induction process

specified by the search method, validation method, decision module etc. Thanks

to providing the same environment to all the competing modules we guarantee the

same training and test data in corresponding passes, even in the case of inner val-

idation if required by the test scenario. After collecting the results from such test

procedures, full information about corresponding results is available, so statistical

tests like paired t test, Wilcoxon test or even McNemar test (which requires the in-

formation about correspondence between single classification decisions, not only



154 K. Grąbczewski

between the mean accuracies for the whole test datasets), can be applied. In the

same way, we compare other types of components like data transformations, stop

criteria, validation methods etc.

Conducting the test is quite easy with such framework at hand implemented

within as flexible machine learning environment as Intemi.

The information from such tests provides very precious meta-knowledge, to be

used in further meta-learning approaches and eventually to compose more accurate

DT induction methods.

6 Summary

The unified model of decision trees, presented here, generalizes all the popular

approaches to decision tree induction. All types of components have been imple-

mented in Intemi, a general data mining framework designed with special emphasis

on meta-learning possibilities [9, 10]. Such implementation opens the gates to ad-

vanced research on meta-level analysis of decision tree algorithms and their particu-

lar components. Now, we are supplied with a versatile and efficient tool facilitating

reliable comparisons of different components by testing them in the same environ-

ment (keeping all the remaining components the same). The meta-level analysis

of the algorithm will certainly bring many interesting conclusions about particular

components advantages and drawbacks, will help eliminate unsuccessful methods

and build meta-learners capable of adjusting all the components to given data in an

optimal or close to optimal way.
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[7] Grąbczewski, K., Duch, W.: A general purpose separability criterion for classification

systems. In: Proceedings of the 4th Conference on Neural Networks and Their Appli-

cations, Zakopane, Poland, pp. 203–208 (June 1999)
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