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Abstract

This work shows the effects of the discretization of a continuous
attribute-class when transforming a regression problem into a
classification problem. To do this, a case study was performed
based on the data and criteria given by (Rogers et al., 1995). The
main objective is to try to predict the permeability of an oilwell
using induction rules, taken from the depth, porosity and
permeability of neighboring oilwells. Three different scenarios
based on geological considerations are presented. By making use of
statistical methods and visualization techniques, an analysis was
done beforehand to get a better understanding of the domain. A
comparison is also presented of the various error rates obtained
using the symbolic Machine Learning algorithms, CN2 and C4.5-
rules. The discretizations of the permeability values are considered
both in a stand-alone manner and according to the considerations
of an expert, thus emphasizing the influence of the discretization on
the precision of the rules rather than the actual knowledge that was
obtained.

Keywords: Discretization, continuous attributes, discrete
attributes, oilwells.
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1. Introduction

Machine Learning addresses the question of how to build computer programs that learn,
thus improving their performance at some task through experience.

One of the dimensions that influences learning is the degree of supervision. In
supervised learning, the learner is given direct feedback about the appropriateness of its
performance. This contrasts sharply with unsupervised learning in which feedback is
absent. In this work we focus on supervised learning.

In supervised learning, a learning program is given training examples (cases) of the
form {( X},1)), (X2,12),....(X, Vi) } for some unknown function y = f{X). The X; values are
typically vectors of the form (xii, Xizs.-» %im) Whose components are discrete or real
values. These are also called the fearures of Xi. Table 1 illustrates their general
organization where a row refers to the i-th case, and column entries refer to the j-th
feature of X..

Table 1: Training examples (cases) format.

Case | fj f, Ful ¥
1 A1 | X2 e Xm | 1)
2 x21 | A22 Xom | Y,
n Xn1 | Xn2 _— Xn,m Y,

The y values are typically drawn from a discrete set of classes {i,....k} in the case of
classification or from the real line in the case of regression. When working with
regression problems the attribute-class must be discretized to transform it into a
classification problem.

In essence, a discretization algorithm takes as input the values of a continuous attribute
(integer or real) and generates output as a small list of sorted intervals. Each interval is
represented as [Viowers Vupper], Where Vigwer and Vypper are the lower and upper limits of
the interval, respectively. In general, discretization algorithms have two steps: first the
input attribute values are sorted, and then a discretization procedure is applied to the
sorted values to produce a set of sorted intervals.

In this work a case study of discretization of the continuous class attributes is presented
based on the data and criteria of the article "Predicting Permeability from Porosity
Using Artificial Networks" (Rogers et al., 1995). The idea is to predict the permeability
of an oilwell using induction rules and data about the depth, porosity, and permeability
of neighboring oilwells. Three different scenarios based on geological considerations
are presented. Using statistical methods and visualization techniques, an analysis was
done beforehand to get a better understanding of the domain. Subsequently, a
comparison is also made of the various error rates obtained by the symbolic Machine
Learning algorithms, CN2 (Clark & Niblett, 1989) and C4.5-rules (Quinlan, 1987),
considering the discretizations done on the permeability values both in a stand-alone
manner and based on considerations from an expert.



Finally, in this work the importance of interaction between experts and stand-alone
discretization methods is emphasized, especially when determining the criteria for
discretizing. ML algorithms that use discretizations supplied by the experts have proven
useful for analyzing both nominal and discretized data. Also, the stand-alone
discretization methods can considerably influence the criteria of the expert, offering
information about the data.

This work is organized as follows: Section 1, gives an introduction to the problem. In
Sections 2 and 3, the state of the art and the context of the problem are presented. A
methodology for solving the problem is shown in Section 4. The results that were

obtained are presented in Section 5 and finally, in Section 6, some conclusions are
made.

2. State of the Art

The process of extracting knowledge from databases is defined as a non-trivial, recent
and valid identification process, which is potentially useful for finding comprehensible
patterns embedded in the data (Fayyad et al. 1996). Thus, knowledge extraction from
data can be seen as a process made up of 5 phases:

understanding and describing the domain;
preparing the data;

pattern discovery (data mining);
interpretation/evaluation of the results;
using the obtained results.
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The discretization of the data can be found in the step before pattern discovery. Some
researchers consider it as a step apart from ML, which has great relevance in the process
of extracting knowledge from databases (Ventura & Martinez, 1995).

The discretization of continuous values has some advantages and disadvantages. The
first advantage has to do with storage space in memory. Continuous values require, in
general, a much larger area in memory than that used for discretized values. Also, the
processing of continuous data is often more time-consuming. Some researchers have
shown reductions in the time taken to learn, which can be considerably smaller when
using discretized data (Catlett, 1991). Additionally, classifiers of a much larger size are
produced when processing continuous data. A disadvantage of discretizing a continuous
value is the loss, in some cases, of information available in the continuous values. For
example, two different values in the same interval of discretization are considered equal,
even though they may be at two different extremes of the interval. Such an effect can
reduce the precision of the algorithms (Ventura & Martinez, 1995). One representation
of the interaction between a discretization algorithm, the data types and an induction
algorithm is shown in Figure 1.

According to some of the criteria that are currently available, the discretizations (and
simultaneously the discretization methods) are classified into many categories which
can be: supervised or non-supervised, local or global, parameterized or non
parameterized.
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Figure 1: Interaction between a discretization algorithm, an induction algorithm and the
different kinds of data.

Supervised discretization methods take into consideration the class values when
producing the discretization, while the non-supervised methods are decision-blind or
hidden-class, thus not making use of instantiation levels. Local methods discretize one
attribute per run or from certain regions of the instantiated space, while the global ones
try to do a simultaneous discretization of all the attributes. Parameterized methods are
those for which the maximum number of intervals generated for an attribute are
specified ahead of time, whereas the non-parameterized methods determine this value
automatically.

Various elements should be considered when doing a discretization, for example,
statistical techniques, discretization algorithms, experts, etc. Many discretization
algorithms with different search methods for determining the cut points are found in the
literature (Chmielewski & Grzymala-Busse, 1995; Dougherty et al., 1995; Fayyad,
1993; Kerber, 1992; Lenarcik & Piasta, 1992, 1993, 1995; Nguyen & Skowron, 1995;
Pfahringer, 1995; Ventura & Martinez, 1994). The context in which the problem treated
in this work is situated will be presented in the following section.

3. Context of the Problem

The present case study is based on the work "Predicting Permeability from Porosity
Using Artificial Networks" developed by S.J. Rogers, H.C. Chen, D.C. Kopaska-Merkel
and J.H. Fang (Rogers et al., 1995) which shows the results of a classification done by a
neural net used for predicting the permeability of an oilwell based on its porosity and
depth. The results obtained from this are compared with the results from using linear
regression and with the observed data. The dataset is determined by measurements
taken from six oilwells located in Big Escambia Creek, Alabama, in the United States.
Three scenarios were created, based on geological considerations made by experts. In
the first scenario, oilwells 1877 and 1928 were used as the training set, oilwell 1802 as
the validation set and oilwell 1930 as the oilwell to be predicted. The second scenario
used oilwells 1802, 1877 and 1930 as the training set, oilwell 1928 as the validation set
and oilwells 1704 and 1705 as the oilwells to be predicted. For the third scenario,
oilwells 1802, 1877, 1928 and 1930 were used as the training set, oilwell 1705 as the
validation set and oilwell 1704 as the "predicted" oilwell. There is a large absence of
data, both for the porosity and permeability as well as a lack of sequence for the depth.

Using the symbolic Machine Learning algorithms CN2 and C4.5-rules and based on the
three scenarios mentioned previously, we considered oilwells 1802, 1877 and 1928 as
the training set and oilwell 1930 as the test set, in the first scenario. In the second set,
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oilwells 1802, 1877, 1928 and 1930 were considered the training set, and oilwells 1704
and 1705 were considered as two separate test sets. Finally, for the third scenario,
oilwells 1705, 1802, 1877, 1928 and 1930 were considered as the training set and
oilwell 1704 was considered the test set. In Figure 2, the relative depth of the six
oilwells (in feet) and the quantity of cases for each oilwell, as well as the three scenarios
considered, is presented in visual form.

Based on the context presented above, this work tries to show the influence of class
discretization on the learning precision, comparing various permeability discretizations
done with different criteria used by the CN2 and C4.5-rules rule induction algorithms,
and also comparing the various error rates that were obtained.
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Figure 2: Information from the six oilwells (total 1084 records).

4. Methodology

Below we take a look at how this case study was done, starting with the tools and
algorithms used. Next, the preliminary analysis of the data is discussed, and to the
results that were obtained.



4.1 Tools and Algorithms

Two statistics tools were used in this work, STATISTICA™, version 5.0, from StatSoft
Inc., Statistics and Visualizer™ from Silicon Graphics. The Scatter Visualizer™ from
Silicon Graphics was used for simultaneously analyzing the behavior of data from the
six oilwells in many dimensions.

The discretizations were done with the software MineSet™, version 2.01, a tool from
Silicon Graphics (Silicon Graphics, 1998), which incorporates Data Mining techniques
with multidimensional data visualization incorporating some discretization tools for
data analysis to find, among other things, classifications and associations between
elements in the databases.

In these experiments the CN2 (Clark & Niblett, 1989) and C4.5-rules (Quinlan, 1987)
algorithms were used to determine and compare the error rates using the different
discretizations for the attribute class permeability. CN2 is a non-incremental learning
algorithm which takes a set of examples as input generating a set of "if..then"
production rules to classify the examples. C4.5 is a decision tree generator and C4.5-
rules produces if-then rules from the decision trees generated (Quinlan, 1993).

Both algorithms were executed using MLC++ (Machine Learning Library in C++)
(Kohavi et al.,, 1994; Molina et al., 1998), a software package developed at Stanford
University which contains various machine learning algorithms, offering the advantage
of not having to change the format of the input data when using another algorithm. It
also provides standardized methods for running experiments using these algorithms.

4.2 Experiments

4.2.1 Data Analysis and Data Preparation

The domain is denoted by the class attribute permeability related to porosity and depth.
Permeability is defined as the ability with which a gaseous or liquid fluid penetrates a
material through its pores, when subject to a pressure, measured in darcies. Porosity is
the property that a material has to contain pores or interstices (intervals that separate the
molecules of a body). It is defined as the relation (in percentage) between the volume of
the interstices and the volume of the mass of the material, depending on the number,
shape and distribution of the empty spaces (Water Resource Research Center, 1998).
The original data about depth, porosity and permeability used in this work, and
described in Table 2, are in the form of continuous attributes.

The first step of this experiment was the analysis of the data from the oilwells both
separately and together, so as to get a better understanding of the domain in which we
were working. The use of statistic methods has an important role in this first step, such
as finding the average, the standard deviation, the mode, the maximum and minimum
values of each attribute, etc.

STATISTICA™ was used during this step to analyze the depth, porosity and
permeability of the six oilwells (1084 cases), and determine the maximum and
minimum values, their distribution, the average, the median, the standard deviation,






