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Abstract 

Data Mining is the process of data analysis and application of algorithms that are 
able to find a particular pattern relationship from a large amount of data. Regres- 
sion is an important problem in data analysis and appears in many real world appli- 
cations. Therefore, there is an increasing interest in the use of the Data Mining to 
extract patterns from regression problems. The main objective of this paper is to 
support the users of Data Mining process in the evaluation of integrated knowledge 
expressed in the form of regression rules. To explore the knowledge evaluation, 
experiments are executed with Cubist, RT and M5 algorithms. The 10-fold cross- 
validation is used to find the mean error. All regression rules are transformed to a 
standard syntax and put together in a unique set of rules. The worst rules are elim- 
inated from this set to generate a more concise regressor. This final regressor has 
less comprehensibility and higher precision than a single regressor induced from 
all data. A method is defined to determine how to predict the new examples with 
this final regressor. From the data analysis, it is possible to take some conclusions, 
which show that usually it is possible to eliminate the worst regression rules and 
have an accurate regressor with a good level of comprehensibility. 

1 Introduction 

The information age has opened ways that lead to a new one, the knowledge age. 
Thus, efforts to facilitate the manipulation and the understanding of information 
has gained importance. This is motivated by: the popularization of the main and 
largest computer network, the Internet; the advances in data collection and storage; 
the constant development of companies in what concerns to their technological 
park; and, mainly, the increase of the necessity of information. 
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558 Data Mining IV 

Due to this context, there is an increasing interest of researchers in the Knowl- 
edge Discovery in Databases process investigation with the purpose of presenting 
useful solutions in different domains. 

The knowledge extraction from great amount of data is an interactive and iter- 
ative process. It is a process centered in the interaction among end-users, domain 
specialists and knowledge engineers. In that way, one cannot simply expect an 
extraction of useful knowledge submitting a data set to a "black box". 

With the increase of database sizes, the amount of knowledge produced by learn- 
ing algorithms also increases. Thus it is not productive to give to the user a great 
amount of patterns mined from a database. Usually, users prefer to look at a small 
list of interesting patterns that can be generated by the knowledge discovery tool. 
The knowledge evaluation can include some problems, such as, to find patterns 
with good precision and high comprehensibility. 

The discovery of patterns that are interesting to the end-user is a difficult prob- 
lem. An used approach is quickly eliminate a set of rules that are not interesting, 
while it limits the user interaction with few and simple prediction questions [l]. In 
order to aid the user in the choose of these rules, forms of evaluating the knowl- 
edge obtained as answer of one or more regressors are being studied. We do not 
treat them as a closed module, but as an explicitly knowledge represented in a 
knowledge base. 

A point that earn prominence when working with great databases is that we use 
a small sample of the data, due to the limitations of the used knowledge acquisi- 
tion methods. Even trying to select representative samples-what becomes com- 
plicated in certain domains-this sort of procedure cuts out part of the data, what 
can cause the loss of important knowledge, or the generation of different knowl- 
edge bases from different samples of the database. Therefore, a combination of 
obtained results from several samples becomes important, so that we could take 
advantage of the whole important knowledge that was extracted from the database. 
On the other hand, with the same sample, knowledge can be extracted using dif- 
ferent algorithms with different bias and different concept description languages. 

Aiming at the quality of the obtained knowledge, regression rule integration is 
being used to improve the prediction accuracy of new examples. Besides, interest- 
ingness and comprehensibility measures are also being used, in order to choose the 
most appropriate rule set for a certain problem, reaching the final user's objectives. 

This work is organized as follow. Section 2 defines a regression problem and 
the notation used in this work. Section 3 discusses the measures for rule evaluation 
and methods for rule integration. Section 4 presents the accomplished experiments 
and their results, as well as the used algorithms and databases. Finally, Section 5 
shows the conclusion of this work. 

2 Characterization of regression problems 

Classification problems are more common than regression problems, what explains 
the greater attention given to classification than regression. However, many impor- 
tant problems are regression-related. Besides the fact that regression problems are 
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Table 1: Contingency table for the rule B 
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-+ H.  

important per se, another reason for the need to focus on regression is that regres- 
sion methods can be utilized to solve classification problems. Neural networks, for 
instance, are often applied to classification problems 121. 

In regression, each example is given a numerical value instead of a finite set of 
symbolic labels. In other words, given a set of input variables X I ,  ..., X,, together 
with a meta-attribute variable y, one attempts to approximate the function pre- 
sented in the Equation (1). 

Y = f ( X I ,  xn). (1) 

Regression problem is, sometimes, described as a signal and noise problem. 
Thus, the model is extended to include a stochastic component or a E threshold 
in the function, resulting in Equation (2). In this case, the real function cannot 
produce a zero error distance. Contrary to classification, in which the labels are 
assumed to be correct, in regression, the predicted y values can be explained by 
several factors, including a component of random noise, E, in the signal, y. 

Since this work is related to the evaluation of knowledge regression rules, con- 
sider a rule, that is usually represented as the following: 

i f  < condition > then < class = C, > - - 
B - B o d y  H-Head  

where < condition > is a disjunction of conjunctions of attributes and Ci is a 
numeric value or an equation. 

For the evaluation measures presented here, the symbolic representation ( B  -+ 

H) will be adopted. The contingency table can be built, for any rule, starting from 
the data set. In the Table 1, B denotes the set of examples where the rule condition 
is true, and B denotes its complement (the set of examples where the rule condition 
is false); and analogously H and p. H B  denotes H n B ,  ZB denotes H n  B and 
so on. The n ( X )  denotes the cardinality of the set X. For instance, n ( B )  denotes 
the number of examples in the set B, and ~ ( H B )  is the number of examples where 
H is false and B is true (i.e., the number of examples erroneously covered by the 
rule). Also, N is the total number of examples in the database. 

Take into account that several evaluation knowledge measures use in their for- 
mulas some of the contingency table values, thus the calculation of this table is 
very important [3,4]. 
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560 Data Mining IV 

Since some regression algorithms give as class or head (Head) of the rule a 
mathematical equation based on the attributes, that generates for each example a 
real value, it is necessary to use a threshold for the construction of the contingency 
table. This is due to the fact that is necessary to calculate the number of examples 
for which the head of the rule is true or false. 

Therefore, the calculation of the number of false and true examples in terms of 
the meta-attribute (i.e., the coverage of the rule) is more complex than in classifica- 
tion because it is continuous. To carry out this check, we propose a strategy based 
on a threshold using standard deviation to verify which examples are correctly 
covered by the regressor [ 5 ] .  

3 Rule evaluation and integration 

A learning algorithm output should be accurate, stable and comprehensible to be 
qualified as knowledge. In order to verify if the acquired knowledge has such char- 
acteristics, a post-processing phase can be accomplished to evaluate the perfor- 
mance and the quality. This evaluation tries to investigate the knowledge preci- 
sion, the model representation, the complexity and the comprehensibility of the 
extracted knowledge. Besides, the post-processing phase aims of filtering what 
was learned, eliminating the spurious, invalid or obvious knowledge. 

It should be noted that sometimes, when the performance of the regressor is not 
considered good, important knowledge might exist in terms of comprehensibility 
and interestingness. This is one of the factors that motivate researches in knowl- 
edge evaluation in machine learning and Data Mining. 

The knowledge evaluation can involve some problems, such as, the difficulty 
of finding reliable knowledge, and the lack of reliable quality measures to serve 
as support to the user. As consequence, the evaluation is intimately related to the 
interpretation of the obtained knowledge. 

To make an evaluation of the obtained knowledge, it is still necessary to separate 
the one that has little validity or usefulness for an end-user. To employ this evalua- 
tion, some measures can be used in regression problems, such as the ones obtained 
from the contingency tables [4]. Besides, there are others error measures that do 
not use the contingency table values, such as MAD (Mean Absolute Deviation), 
MSE (Mean Squared Error) and RMSE (Relative Mean Squared Error) [6,7,8]. 

The problem of post-processing sets of rules is not trivial. Other researchers 
have addressed this issue 19, 10, 1, 1 1, 12, 131. 

This is especially true for regression rule discovery, where rule sets are not easily 
comprehensible, and a rule analysis can be very useful. Some evaluation measures 
are offered to the user. Furthermore, when the number of rules is large, it is very 
difficult for the user manually analyze all the rules. 

Another point for the realization of knowledge post-processing is the knowl- 
edge integration. Knowledge integration refers to the process of incorporating new 
knowledge to an exist knowledge base. This involves to determine how differ- 
ent knowledge interacts, and how the knowledge from different knowledge bases 
should be modified to accommodate one another. Knowledge integration involves 
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Data Mining IV 56 1 

the construction of a knowledge base from several learning systems and then the 
merge of the knowledge. An important point is the usage of different constructed 
knowledge bases. 

In this paper, the main objective is to explore the knowledge base integration. 
For this, a method for model and rule evaluation has been defined. To increase the 
model comprehensibility empirical experiments have been done to eliminate the 
worst regression rules. 

4 Experimental results 

We use three databases (Auto-Mpg, Housing and Abalone) and three regression 
algorithms (Cubist, M5 and RT) to execute the experiments. The databases and 
algorithms are described in the next subsections. All the regressors are transformed 
into a set of rules using a defined common syntax. 

In the experiments, each database was divided in two sets: one with 75% of the 
examples, and the other with 25% of the examples which is the validation set. To 
generate the rule sets, the 10-fold cross-validation was executed in the data set 
with 75% of the examples, and the rules from all the 10 rule sets was gathered in a 
integrated rule set. Besides, another regressor was generated from all the data set 
with 75% of the examples to compare its results with the integrated rule set results. 

We defined a metric to evaluate the rule set error. When more than one rule cover 
an example, an average of the predicted values was used as a final prediction of this 
example. Whether the example was not covered by any rule, a proximity function 
is used. This function considers a weighted average based on the two rules more 
closed to the example, i.e., the rules that almost cover the example. 

After the integration, a rule selection is realized. This rule selection eliminates 
5%, 10%, 25% and 50% of the worst rules. The elimination of the worst rules is 
based on two different measures. One measure is the MAD (Mean Absolute Devia- 
tion) (Equation (3)). This measure quantifies the error of the model for the average 
in relation to the absolute deviations of the predictions, that is, MAD consists of 
the average of the difference (in module) among the real and predicted values for 
an attribute-goal. 

In this equation y is the meta-attribute value for the training example, N is the 
number of the training examples, and y' is the predicted value for the training 
example. 

Already, another measure, that uses the contingency table values to regression 
problems [5], is the coverage and it calculates the percentage of the covered exam- 
ples that is correct (Equation (4)). 

                                                Transactions on Information and Communications Technologies vol 29, © 2003 WIT Press, www.witpress.com, ISSN 1743-3517 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
                                                           
 
 
                                                                                  
 
                                                                      
 
                                                                                  
 
 
 
 
 
 

                            
                                                                                  
                                                                                  
                                                                                  
 
 

 
                                                                                                                                         
                                                        

 
                   

 
 
 



562 Data Mining IV 

4.1 Algorithms 

The task of any regression algorithm is estimate the value of the meta-attribute 
variable of a new example based on the other variables. The regression algorithms 
used in these initial experiments were Cubist, RT and M5. 

Cubist is a tool used to generate predictive numeric models based on rules from 
a data set [14]. These models are used to predict numeric values, i.e., for regres- 
sion problems. Each case provided to Cubist has a meta-attribute and the others 
attributes are used to predict the value of this meta-attribute. Cubist generates 
unordered rules, disposed in growing order of the mean value of the predicted 
examples. Cubist estimates the meta-attribute value with a function of the input 
variables. For that, he builds a model containing one or more rules, in which each 
rule is a conjunction of conditions associated to a linear expression. Therefore, 
the generated models by Cubist are linear piecewise models. However, Cubist can 
also build multiple models and it can combine models based on rules with models 
based on examples. 

RT (Regression Trees) algorithm allows the acquisition of regression models 
in different representation types based on a given examples set [15]. Some models 
types that can be obtained are: model based on regression trees, in which the leaves 
are labelled with the average of the values; parametric global model; and local 
model, using the K-Nearest Neighbor algorithm. RT still allows the emulation of 
the regression algorithms RETIS (Regression Tree Induction System) and CART 
(Classification And Regression Trees). 

M5 is an algorithm developed by Quinlan [l61 to treat continuous attributes 
and classes. The M5 belongs to the TDIDT family (Top Down Induction Deci- 
sion Trees), but with linear regression functions in the leaves, instead of a cat- 
egorical value predicting the class. The M5 algorithm was based on the initial 
work of Breiman with the CART algorithm. In the experiments, we used the M5 
implementation belonging to the Weka tool. The Weka (Waikato Environment for 
Knowledge Analysis) was developed in the Waikato University, in New Zealand 
[17]. This tool can be seen as a collection of machine learning algorithms that can 
be used to solve real world Data Mining problems. 

4.2 Databases 

In our experiments, three databases was used: Auto-Mpg, Housing and Abalone. 
All the databases was obtained from the UCI Machine Learning Repository [18]. 

Auto-Mpg This database concerns the city-cycle fuel consumption. The data set 
at UCI had originally 9 attributes (the first being the goal variable, the mpg 
attribute). The last attribute (the car model) is unique for all examples and 
it was removed. The first attribute (the goal variable) was moved to the end, 
so now is the last attribute. Characteristics: 398 cases, 7 attributes (4 contin- 
uous, 3 nominal). 
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Data Mining IV 563 

Housing This data set concerns the task of predicting housing prices in areas of 
Boston. Each example from this database describe an area with character- 
istics, such as: crime rate by town, average number of rooms per dwelling, 
index of accessibility to radial highways, and percentage lower status of 
the population. Characteristics: 506 cases, 13 attributes (12 continuous, 1 
binary). 

Abalone This data set can be used to obtain a model to predict the age of a abalone 
from physical measurements. The age of abalone is determined by cutting 
the shell through the cone, staining it, and counting the number of rings 
through a microscope-a boring and time-consuming task. Other measure- 
ments, which are easier to obtain, are used to predict the number of rings 
which determines the age. Characteristics: 4177 cases, 8 attributes ( l  nomi- 
nal, 7 continuous). 

4.3 Result analysis 

The Tables 2,3 and 4 present the errors from different sets of rules. This evaluation 
is done using the proposed method described previously. The Single column is 
the error of the unique regressor obtained from the 75% of the database. The 0% 
column presents the error of the integrated rule set, i.e., all the rules generated by 
the 10-fold cross-validation. The columns 5%, 10%, 25% and 50% are the errors 
of the integrated rule set with the elimination of the 5%, 10%, 25% and 50% of 
the worst rules, respectively. All the errors are calculated with the validation set, 
that is 25% of the database. Each table shows the results from different databases: 
Auto-Mpg, Housing and Abalone. Each line of the table represents an algorithm: 
Cubist, RT and M5. 

It should be noted that the algorithms RT and M5 generate regression trees 
(instead of regression rules). These regression trees are converted to regression 
rules in our common syntax. So the evaluation of the single and 0% column do not 
use the default rule. 

In Table 2 are present all results obtained from Auto-Mpg database. We can note 
that the error decreases when all rules are integrated. With the rules elimination, we 
also have in some cases a gain in precision. This can be explained by the fact that 
to predict new examples, when there is a great number of rules, the chance that the 
example is not covered by any rule is small, i.e., more chance to use the average 
of different rules that cover the example, and less chance to use the proximity 
function for uncovered examples. 

However, using MAD as metric to exclude the worst rules, the error increases 
considerably. This increase is approximately 70% for RT and 120% for M5 when 
50% of the rules are eliminated. The trend is quite different when the coverage 
measure is used as metric to eliminate the worst rules. In almost all cases the error 
decreases or stays near to the error in the 0% column. Only in a few cases the error 
increases slightly when more rules are eliminated. 

Most of errors for the Housing database, shown in Table 3, are better than the 
single rule set. Also in this database the integrated rule set presents error smaller 

                                                Transactions on Information and Communications Technologies vol 29, © 2003 WIT Press, www.witpress.com, ISSN 1743-3517 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
                                                           
 
 
                                                                                  
 
                                                                      
 
                                                                                  
 
 
 
 
 
 

                            
                                                                                  
                                                                                  
                                                                                  
 
 

 
                                                                                                                                         
                                                        

 
                   

 
 
 



564 Data Mining IV 

Table 2: Results for Auto-Mpg database. 

I I Cov 1 1  MAD I 

Table 3: Results for Housing database. 

Cubist 

RT 

1 1  Cov I I MAD I 
I Single I 0% 1 1  5% 1 10% 1 25% 1 50% 11  5% 1 10% 1 25% 1 50% 1 

Single 

8.10 

6.92 

Table 4: Results for Abalone database. 

0% 

6.44 

6.68 

Cubist 

RT 

M5 

Cov MAD 

5% 

7.01 

6.64 

9.06 

4.06 

5.2 

than the single rule set. Only in one case (Cubist with 50% of elimination) the 
error had a large increase, approximately 77%. 

Table 4 shows the errors for the Abalone database. The best results are in the 
0% column that is the integrated rules. The rule elimination methods had similar 
or worse errors than the integrated rule set. 

10% 

6.95 

6.60 

6.30 

4.17 

4.5 

Cubist 

RT 

M5 

5 Conclusion 

One of the Data Mining topic that have been receiving great attention for several 
researchers is the performance and quality evaluation of the obtained knowledge, 
especially the interestingness and comprehensibility. 

Besides, another topic involves the integration of the knowledge obtained from 
one or more regressors, still considering the quality and performance of this knowl- 
edge, and the robustness and consistence. 

25% 

8.2 

6.50 

5.72 

3.96 

5.1 

1.5 

1.6 

1.6 

50% 

8.4 

6.37 

5.82 

3.86 

5.4 

1.47 

1.54 

1.5 

5% 

6.54 

6.77 

6.31 

3.80 

5.3 

1.47 

1.65 

1.6 

10% 

7.01 

6.87 

11.16 

4.2 

5.3 

1.47 

1.65 

1.6 

25% 

7.33 

8.59 

5.54 

4.20 

5.2 

1.89 

1.71 

1.6 

50% 

7.73 

11.39 

6.08 

4.25 

5.2 

2.4 

1.85 

1.7 

6.25 

3.92 

4.9 

1.47 

1.54 

1.6 

5.72 

3.39 

4.2 

1.47 

1.59 

1.7 

1.46 

1.71 

1.9 

1.48 

1.89 

2.1 
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Data Mining IV 565 

The process of knowledge integration consists of gathering different knowledge, 
generated from different samples of the same database, in a unique knowledge 
base, that is more complete than each base in separate. To evaluate the knowledge 
from a single regressor or the integrated knowledge, the performance and quality 
will be considered. Due to the great number of patterns, it is difficult for the user 
to understand them and to identify which are interesting. 

In this article, experiments were run with three databases retreats of the UCI 
Repository and three algorithms. The obtained results are encouraging and show 
that our approach to integrate regression rules is promising. In all cases, when the 
rules are integrated in a single rule set, the errors are smaller than a single execution 
of the algorithm. 

In order to define the rule elimination strategy we take into account the MAD 
and coverage measures for regression rules. Our contribution in this paper is that 
our proposed approach, as a way to integrate rules in a final rules set, increases 
the precision. Also, we can increase the model comprehensibility eliminating the 
worst rules. 
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