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Abstract 
 Application of decision and association rules induction 
techniques for numeric data (particularly, coming from 
industrial monitoring systems) is described in the paper.                                                                        
For decision rules induction the algorithm MODLEM 
(the modified version of LEM algorithm), that doesn’t 
require a discretization of numerical attributes values is 
used. For association rules induction an algorithm of 
quantity association rules determination is used. A 
modification of MODLEM algorithm that allows 
obtaining approximate decision rules is introduced. 
Moreover, results of various rules quality evaluation 
functions application as a criterion of rule optimality are 
presented. It is observed that independently on 
optimality criterion, a quality of created rule increases 
only up to certain moment, further time of algorithm work 
doesn’t cause rules improvement. That fact allows 
shortening of algorithm working time. Results of tests 
done on data coming from dewater pump monitoring 
system and benchmark data Australian credit is 
presented in the paper.  
 
1. Introduction 
 

Algorithms of decision rules induction are mainly used 
for data contained in business and medical databases 
analysis.  

The main task of rule induction algorithms is to 
discover nontrivial, real and earlier unknown patterns (e.g. 
rules) and creation of a classifying system based on these 
patterns. 

In the field of industrial applications the intelligent 
computer systems are mainly used for solving problems 
connected with control (e.g. fuzzy and neural regulators). 
These tasks are rather prediction then classification tasks. 

A group of industrial computer systems, which are not 
directly connected with control problems, are production 
monitoring systems and hazards connected with the  
production process. We can recognize that at present a 
functionality of these systems secure a full monitoring and 
visualization of any industrial process (of production, 
machines and equipments work).  Software producers and 
users of these systems more frequently indicate a need of 

analysis of information stored by these systems, in 
context of knowledge discovery.  

Information stored in databases of monitoring systems 
is usually of numerical type, data are collected with big 
frequency and are usually uncertain (uncertainty follows, 
among others, from transmission breaks or devices 
distortions). For that reason, data mining techniques such 
as decision rules induction for this type of data so far were 
used sporadically. 

The MODLEM algorithm [12] and the association rules 
induction method [2] were used to analyze data coming 
from dewater pump monitoring system (here the aim was 
to diagnose the pump – to classify into proper diagnostic 
state and to predict the repair time). Moreover, 
modifications of the MODLEM algorithm on benchmark 
data known as Australian credit suggested by us have 
been checked in the paper. 

The use of the MODLEM algorithm was preceded by 
carrying out numerous analyses inspired by rough sets 
methodology, among others making rules from relative 
reducts [11], decision patterns and using our own RMatrix 
algorithm [9]. The MODLEM algorithm in its standard 
version (with entropy as the optimum criterion for making 
descriptors in a rule) made it possible to obtain the best or 
almost the best results as far as the classification accuracy 
is concerned. The number of rules, though meaningfully 
smaller than in the case of rules generated from reducts 
(even approximate [9]), was still relatively big.   

It is impossible, for domain experts, to analyse  
large set of rules and draw useful conclusions from them. 
Hence a trial of modifying the MODLEM algorithm was 
conducted – such that without time-consuming 
postprocessing (for example filtration [9] )  it was possible 
to obtain smaller sets of  rules. 

In the successive chapters there are presented results 
of research on improving the effectiveness of the 
MODLEM algorithm; the second chapter includes a short 
description of the algorithm; the third chapter defines rule 
quality evaluation functions which were used by us in its 
modification; the fourth chapter describes the 
modifications introduced. 

Apart from classification problems we were also 
interested in mutual relations between features describing 
the analyzed sets of data. Because of that in the fifth 



chapter the method of quantitative decision rules 
induction [2] was presented. At the end, in the sixth 
chapter we presented the characteristics of the analyzed 
sets of data and the obtained results. 
 
2. Induction of decision rules by MODLEM 
algorithm 
 

The MODLEM algorithm was proposed by Stefanowski 
[12], as the consequent of  the LEM2 algorithm [7]. The 
author’s intention was to make strong decision rules from 
numeric data without their prior discretization. The 
algorithm covers successive decision classes, particularly 
generating rules from the bottom or top approximation [8] 
of each decision class. 

Let us assume that we have access to the decision 
table DT=(U, A∪{d}) , where U is a finite set of objects 
characterized by the set of features (conditional attributes) 
A and the decision attribute d.  Each attribute a is treated 
as the function a:U→Da, where Da  is  the range of  
attribute a. The set of objects with the same decision 
attribute value is called the decision class. 

The MODLEM algorithm makes it possible to generate 
rules in the following form: 

IF 
k1 aka1 Va and ... and Va ∈∈ THEN d=vd  

in which, {a1,..,ak}⊆A, 
ii aa DV ⊆ and vd∈Dd. 

The expression a∈V  is called a conditional descriptor. 
The form of the V values range which appears in the 
descriptor depends on the type of attribute a and the 
MODLEM algorithm working. If a is a symbolic attribute, 
the values range in the descriptor is a one-element set (a 
∈{va}, which is better to be written down as a=va). If 
attribute a is a numeric attribute, the range of  Va  values 
can take one of  the three forms: (-∞,  va], [va,  +∞), 

[ 2
a

1
a v,v ] , where 2

a
1
a v,v ,va∈Va.  

Below there is a short description of the MODLEM 
algorithm working, a detailed description of the algorithm 
can be found in [12]. 

The algorithm works in the following way: for each 
conditional attribute and each value of the attribute 
appearing in the currently examined set of objects Ub  (at 
first it is the whole training set U) successive values of 
conditional attributes are tested (previously sorted in not 
decreasing order) in search of  the limit point ga. 

The limit point is in the middle, between two successive 
values of the attribute a (for example va<ga<wa ) and 
divides the current range of the attribute a values into two 
parts (values bigger than  ga  and smaller than  ga). Such a 
division also establishes the division of the current set of 
training objects Ub into two subsets U1 and U2. Of course, 
only those values ga, which lie between two values of the 

attribute a, characterizing objects from different decision 
classes are taken into consideration as the limit points. 

The optimum is the limit point, which minimizes the 
value of the following expression: 
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In the expression Entr(Ui) means entropy of  the set Ui.  

As the conditional descriptor we choose the interval 
(out of two) for which in adequate sets U1, U2  there are 
more objects from the decision class pointed by the rule. 
The created descriptor limits the set of objects examined in 
the later steps of algorithm. The descriptor is added to 
those created earlier and together with them (in the form of 
the conjunction of conditions) makes the conditional part 
of the rule. 

As it is easily noticeable, if  for an attribute a two limit 
points will be chosen in the successive steps of  the 
algorithm, we can obtain the descriptor in the form 
[ 2

a
1
a v,v ] ; if there will be one such limit point, the 

descriptor will have the nature of  inequality; and if  a 
given attribute will not generate any limit point, then the 
attribute will not appear in the conditional part of  the rule. 

For example, if for the first time for a given attribute a 
the limit point va<ga<wa was established and there are 
more objects from the decision class pointed by the rule in 
the set U1 , then the descriptor of  the form (-∞, va] will be 
created. 

The process of creating the conditional part of the rule 
finishes when the set of objects Ub is included in the 
bottom (or top) approximation of the decision class being 
described. In other words, the process of creating the rule 
finishes when it is accurate (the bottom approximation) or 
accurate ‘as much as it is possible in the training set’ (the 
top approximation).  

The algorithm creates coverage of a given decision 
class and hence after generating the rule all objects 
supporting the created rule are deleted from the training 
set, and the algorithm is used for the remaining objects 
from the class being described. 
The stopping criterion which demands that the objects 
recognized by the conditional part of the rule be included 
in the proper approximation of a given decision class 
creates two unfavorable situations from the industrial data 
analysis point of view. Firstly, the process of making rules 
is longer than in the case of making a decision tree (with 
proper cutting parameters). Secondly, the number of the 
rules obtained, though smaller than in the case of 
induction methods based on rough sets methodology or 
the LEM2 algorithm, is still relatively big. Moreover, rules 
tend to match to data and hence we deal with the 
phenomenon of overlearning.  
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The simplest way of dealing with the problem is 
arbitrary establishment of the minimal accuracy of the rule 
and after reaching this accuracy the algorithm finishes 
working. As numerous research studies show (among 
others [1] [9]) it is better to use rule quality evaluation 
functions, which try to simultaneously estimate two most 
important rule features – accuracy and rule coverage. 
 
3. Rule quality evaluation functions  
 

Any decision rule we can express as the formula ϕ→ψ 
such, that  ψ≡d=v and ϕ≡

k1 aka1 Va and .. and Va ∈∈ . For 

any rule we can define two sets |ϕ|DT ={x∈U: 
}V)x(a  }k,..,1{i

iai ∈∈∀  and |ψ|DT={x∈U: d(x)=v} 

(additionally denote |¬#|DT=U\|#|DT where #∈{ϕ, ψ}). We 
speak, that any object x recognize the rule ϕ→ψ if and 
only if  x∈|ϕ|DT. We speak, that object x supports the rule 
ϕ→ψ if and only if x∈|ϕ|DT  and x∈|ψ|DT . For any rule  
ϕ→ψ and given decision table DT=(U,A∪{d})  we can 
define contingency matrix describing rule behavior in the 
analyzing data set: 

 
nϕψ nϕ¬ψ nϕ 

n¬ϕψ n¬ϕ¬ψ n¬ϕ 

nψ n¬ψ n 
where: 
n=card(U)  denotes the number of objects  in DT, 
nϕ= nϕψ+ nϕ¬ψ  denotes the number of objects recognizing 
the rule ϕ→ψ, 
n¬ϕ= n¬ϕψ+ n¬ϕ¬ψ denotes the number of objects that not 
recognizing  the rule ϕ→ψ, 
nψ= nϕψ+ n¬ϕψ=|ψ|DT  denotes the number of objects 
belonging to the decision class described by the rule 
ϕ→ψ, 
n¬ψ= nϕ¬ψ+ n¬ϕ¬ψ=|¬ψ|DT denotes the number of objects 
that not belong to decision class described by the rule 
ϕ→ψ, 
nϕψ  denotes the number of objects supporting the rule  
ϕ→ψ, nϕ¬ψ=card(|ϕ|DT∩|¬ψ|DT),  
n¬ϕψ=card(|¬ϕ|DT∩|ψ|DT ), 
n¬ϕ¬ψ=card(|¬ϕ|DT∩|¬ψ|DT). 

As it was mentioned, not all defined rules represent 
strong dependences appearing in data. In order to find the 
best (“strong dependences”) rules it is possible to 
evaluate the defined rules using measures evaluating their 
quality [5]. The measures can be used as early as at the 
stage of making rules [9]. In [10] it was shown that rule 
quality evaluation measures based on contingency table 
could be treated as functions of two variables.  

For any rule ϕ→ψ and decision table DT, values n, 
nψ, n¬ψ are known and the inequalities: 1≤nϕψ≤nψ,  
0≤nϕ¬ψ≤n¬ψ. are true. On the basis of that it can be written 
that: : nϕ= nϕψ+ nϕ¬ψ, n¬ϕ= n-( nϕψ+ nϕ¬ψ), n¬ϕψ=nψ-nϕψ, 
n¬ϕ¬ψ=n¬ψ-nϕ¬ψ. 

Taking into account the above relations, each of rule 
quality evaluation meas ures whose value can be defined 
on the basis of contingency table (for example accuracy, 
coverage, measures: Michalski, Brazdil, Pearson`s χ2, 
Cohen, Coleman, IKIB, IREP, J-measure, etc.) can be 
treated as a function of  nϕψ  and nϕ¬ψ  variables: 

ψϕ→q :{1,..,nψ}×{0,..,n¬ψ}→R. 

For example Pearson’s χ2  function  can be written down 
in the following way: 

( )
ϕϕψψ

ϕψψϕψϕϕψ
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Forms of the most frequently used evaluation functions 
can be found among others in [5]. 

From the point of view of using rule quality evaluation 
functions in the process of rules induction it is important 
for the functions to be monotonous (non-decreasing) 
considering all their variables. Not all functions fulfill such 
a condition, an example can be the graph of Pearson’s χ2  
function presented in Figure 1. In the case when the rule 
accuracy is worse than a priori accuracy of a given class, 
which results from the distribution of training examples in 
decision classes (and such a situation can happen in the 
initial phases of rule making), worse rules can obtain better 
marks than the rules really better. Change of the function 
value sign in the case mentioned above secures omitting 
the inconvenience. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1. Pearson`s χ2 function 
 
4. Rule quality evaluation functions in the 
MODLEM algorithm  

 



The first possible use of rule quality evaluation 
function in the MODLEM algorithm is evaluation of the 
conditional part of the rule, which is being made with the 
aid of an evaluation function.  

We do not interfere in the very algorithm, only after 
adding (or modifying) successive conditional descriptor 
we evaluate the current form of the rule, remembering as 
the output rule the one with the best evaluation (not 
necessarily the one which fulfills the stopping conditions).  

It is worth noticing that additional time on calculating 
the evaluation function value is not big. It should be 
noticed that in order to calculate the current quality of the 
rule it is enough to remember the objects, which recognize 
it. As the rule is built it becomes more and more detailed 
and the set of objects, which recognize it, will be smaller 
and smaller. 

As it will be shown in the research results presented in 
the last chapter, such attitude makes it possible to 
significantly reduce the number of rules being generated. 
Rules generated in such a way are characterized by smaller 
accuracy (around 70-100%) but are definitely more general. 
As it is shown in the last chapter, such rules have good 
classifying features. 

Another possibility of using evaluation functions is 
replacing conditional entropy by an evaluation function in 
the process of searching limit points. After implementing 
and testing such a modification we come to the following 
conclusions concerning the presented modifications of 
rules searching with the aid of the MODLEM algorithm: 
• Conditional entropy prefers searching such limit points 

that lead to obtaining accurate rules. From the tests 
carried out by us it resulted that it is relatively easy to 
obtain rules fulfilling the alloy conditions and because 
of that rules consist of a small number of conditional 
descriptors. 

• Using, instead of conditional entropy of evaluation 
functions while searching limit points, leads to a long 
time of defining the “optimal” descriptor range (the 
process lasts from several to a dozen or so times 
longer than in the case of entropy). The conclusion 
seems to be obvious as entropy is the arrangement 
measure. The tests carried out made it possible to draw 
the third conclusion. 

• Independently of the criterion searching limit points 
the quality of the rule being made increases until it 
reaches a certain maximal value and then decreases 
(the quality function has one maximum). 
Especially the last observation makes it possible to 

define the new stopping criterion while making the rule in 
such a way that it stops the process of its creation in the 
case when the quality starts to decrease. 

At the end a modification was introduced to the 
algorithm – evaluating the rule being created and stopping 

its generating if in the next step of the algorithm the rule 
quality starts to decrease. 

Such a modification makes it possible to limit the 
number of the rules being generated and makes the 
algorithm work faster.    

Another advantage of using evaluation functions is 
that the user does not have to give minimal values of 
accuracy and coverage, which should characterize the 
rules being inducted. It is obvious that establishing such 
values for a given set of data must undergo an adaptation 
process and it can be time-consuming. 

Of course in our case the user must choose a particular 
evaluation function but in literature one can find many 
research studies on effectiveness of such functions 
(among others [1]  [10] ). In particular in [10] existence of 
two groups of functions characterized by similar features 
was pointed out. 
 
5. Quantitative Association Rules Induction 
 

From the point of view of knowledge discovery mutual 
relations between ranges of attributes values are 
interesting, without defining which attribute is the 
decision one. In order to represent such relations 
association rules are used, in particular quantitative 
association rules for data of numerical types. In the 
analysis of our data we used the approach proposed by 
Agrawal and Sirkant [2]  (in the chapter we accept the 
notation used in the literature concerning association 
rules). They are the first researchers, who formulated 
problem of association rules mining for quantitative data, 
and proposed an algorithm solving this problem. 
Agrawal’s and Srikant’s association rules are very 
intuitive. They have form on conjunction of atom 
conditions. Each atom condition has form a=v or 
a∈[wa,va] , for nominal and quantitative attributes 
respectively. The algorithm proposed by Agrawal and 
Srikant bases on apriori - classic algorithm created for 
Boolean association rules mining problem.  

Our implementation consists of four phases. First, we 
conduct a preprocessing of an input information system in 
a way proposed by Agrawal and Srikant. We treat the 
input information system as a database D without empty 
values ([4]), based on schema R.  Schema R contains 
nominal and numerical attributes. A goal of this phase is 
to transform the input database D to a database D’ with 
empty values, based on schema R’. Schema R’ should 
contain only Boolean attributes. This transformation 
bases on the concept of partial complitnes [2].  

In the second phase, the apriori algorithm is executed 
on the database D’.  We introduce a partial order relation 
on a set of items from D’, to be able to use general 
implementation of apriori. To show how we defined 



partial order, it is necessarily to explain mechanism of 
transformation of the database D to D’. Every attribute a’ 
in R’ is connected with atom condition of form a=v or 
a∈[wa, va ]  for some attribute a from R. The form of atom 
condition depends on attribute’s a type – nominal or 
quantitative. For each tuple t in D we construct tuple t’ in 
D’ in such way, that t’ contains value 1 for each attribute 
a’ from R’ such, that t meets atom condition connected 
with a’. Tuple t’ doesn’t contain any value for other 
attributes from R’ (contains empty value). Using language 
of boolean association rules, we call boolean attributes 
from R’ items, and the tuples in D’ we call transactions. 

For example for the table below (database D) in which a  
numerical and nominal attribute appears: 

Table 1.  Database before transformation 

t a1 a2 

100 K 1 

101 M 1 

102 K 0 

103 M 2 

104 M 2 

 
We will obtain the following database D`: 

Table 2.  Database after transformation 

t` a1=Ka1=M a2∈[0,1] a2∈[0,2] a2∈[1,2] 

100 1  1 1 1 

101  1 1 1 1 

102 1  1 1  

103  1  1 1 

104  1  1 1 

 
In our implementation we do not consider atoms in the 
form [wa, wa ], it makes it possible to limit the number of  
attributes in the base D`  and finally the number of  the 
defined rules. 

Our partial order relation is indeterminate for every pair 
of items connected with the atom conditions constructed 
for the same attribute a from R. Using such partial order 
relation it is possible to use the same implementation of 
apriori like for boolean association rules mining problem. 
The partial order relation in proposed form ensures, that 
apriori doesn’t build frequent itemset containing two 
atom conditions constructed for the same attribute. 

We have implemented also Agrawal’s and Srikant’s 
method of searching interesting itemsets and association 
rules. This operation is performed as the third phase. 
Agrawal and Srikant noticed, thet their method produces   

huge number of frequent itemsets, and lots of them is 
redundant. If the conjunction of the atom conditions, of 
the above-mentioned form, doesn’t contain any condition 
for nominal attribute, one may treat it as a hypercube. Very 
often we obtain hypercubes, which enclose one in other. 
In an opinion of Agrawal and Srikant, hypercubes 
enclosed in other one are interesting for user only when 
they have greater support then user expects, basing on 
knowledge of enclosing hypercube. Agrawal and Srikant 
defined concept of R-interestingnes of frequent itemsets 
and association rules developing above-mentioned idea. 

A set of frequent itemsets, with marked interesting 
ones, makes up an output of the third phase. Every 
frequent itemsets in D’ we treat as an conjunction of atom 
conditions, meeting minimal support condition. In the 
fourth phase we generate association rules meeting 
minimal confidence condition, using algorithm [3]. 
 
6. Data analysis 
 

The first of the analyzed data set came from the dewater 
pumps monitoring system which work in coalmine 
dehydrating station. The system is a safety system, which 
secures constant monitoring of pumps working parameters 
and water level. Each start-up of the pump gave one 
record for the database being analyzed. Single record Pi  

consisted of the following attributes: 
 
Pi = [TU,i , T0,i t20-30,i, t30-40,i, t40-50,i, t50-60,i, t60-70,i, PU,i QU,i, Li] 
 
Meaning of the signs used is the following: 
• temperature in the stationary state  TU, 
• initial temperature T0, 
• tx-y,i  - times in which the pump changes its temperature 

about 10 degrees (if the pump temperature did not 
reach a given temperature range, the zero value was 
put) 

• power in the stationary state PU, 
• pump capacity in the stationary state QU 
• Li  the number of  the pump start -ups the previous day 
Temperature in the stationary state was calculated as the 
average from the last two minutes of  the unit working. 

Domain experts (using among others the data 
clustering algorithm) defined three diagnostic states (in 
this way accessible examples were marked with state 
identifications, obtaining the column with the decision 
attribute). One of the states was “pump to be repaired”. 
The aim of the analysis was to make a classification 
system, which checked if a newly created vector Pi   
belongs to the diagnostic state “pump to be repaired”. 
Because of the data noises the pump in the diagnostic 
state “pump to be repaired” usually worked over a month 
before it was really repaired. Because of that the second 



task of the analysis in the case of classifying the pump in 
that state was to define with the highest accuracy possible 
when it will be really repaired. The association rules 
induction algorithm was used in the above mentioned 
dataset in order to check how given conditional attributes 
values influence one another.  

The second of the analyzed datasets was generally 
known as the Australian Credit . The set was chosen 
because there are both symbolic and numerical attributes 
in it.  

The results were obtained with the aid of testing 
methodology train and test (pump) and 10-fold cross-
validation (Australian credit). 
 

Table 3. Diagnostic states classification 
 

Entrophy Without Entrophy Quality 
Fuction Acc Rul Acc Rul 
Accuracy 0,71 223 0,69 241 
Brazdil 0,78 13 0,77 9 
Michalski w=0.5 0,77 12 0,80 8 
Pearson 0,77 11 0,8 11 
 

Table 4. Classification of  reparation time 
 

Entrophy Without Entrophy Quality 
Fuction Acc Rul Acc Rul 
Accuracy 0,82 226 0,76 374 
Brazdil 0,85 11 0,86 12 
Michalski w=0.5 0,85 11 0,83 5 
Pearson 0,83 11 0,86 9 
 
In classifying the pump reparation time a two-week-

before term was chosen; if the reparation time was in less 
than two weeks, the example represented the first class 
and if the time was in more than two weeks the example 
represented the second class. Only examples classified 
into the diagnostic state “pump to be repaired” reached 
this dataset. Such filtration did not cause excessive 
domination of the number of examples from the second 
class. 

Below there are graphs of the changing quality for two 
different rules. The first graph represents forming the rule 
by the algorithm using entropy and Pearson’s function, 
the second one only Pearson’s function (also in searching 
limit conditions) 
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 Figure 2. Forming the rule without entropy as the criterion 
of searching limit points ga 

 
As you can see in the graphs the difference in the 

number of the conducted tests is significant. In the graphs 
it is visible how the version of the algorithm works without 
changing the alloy criterion. It means that the descriptors 
were formed until accurate rules were made. As the output 
rules were remembered the ones with the highest value of  
the evaluation function. 

Before drawing the conclusions we will present other 
results that we obtained. 

Out of the decision rules obtained the following ones 
proved to be particularly useful (both during classification 
and for the people supervising the station working): 

 
IF  T0 ∈ ( 15.71...27.26 ) and T60_70 ∈ ( 133...679715 ) 

and L ∈ ( 4...7 ) THEN class=1 
IF T40_50 ∈ ( 136...330 ) and T60_70 ∈ ( 0...1113 ) 
 THEN class=1 
IF  L ∈ (3...7) THEN class=1 
IF T0 ∈ ( 12.52...38.71 ) and T20_30 in ( 0...343 ) and 

T40_50 ∈ ( 332...67825 ) and L ∈ ( 1...3 ) 
THEN class=0 

IF  T60_70 ∈ ( 0...0 ) and Tu ∈ ( 29.77...59.9 ) 
 THEN class=0 
IF T0 ∈ ( 27.33...60.42 ) and T50_60 in ( 559...908830 ) 
 THEN class=0 
 



The mark class=1 means that the pump is in the 
diagnostic state “to be repaired”. 

We do not discuss in details the knowledge coming 
from the rules. It is enough to say that using only the 
quoted rules made the classification accuracy better (now 
the classification was done by the nearest rules and not as 
so far by the rules accurately recognizing testing objects 
as a small set of rules has smaller capabilities to recognize 
testing objects. In the work [6] we discuss the possibility 
of washing away of  the rules obtained in such a way and 
using the washed away classification). 

 
Table 5  Results for the Australian credit 

classification 
Entrophy Without Entrophy Quality 

Fuction Acc Rul Acc Rul 
Accuracy 0,78 204 0,79 231 
Brazdil 0,84 23 0,84 20 
Michalski w=0.5 0,84 22 0,84 9 
Pearson 0,85 21 0,85 18 
 
While using the association rules induction algorithm 

for the data describing the pumps working the decision 
attribute was deleted from the set. The number of the 
obtained rules was big – 4500 rules, whereas the set being 
analyzed comprised of 2600 examples. The algorithm was 
started with the demand for the rules being defined to 
have the support equal at least 10% and accuracy at least 
75%. 

The rules filtration consisted of their triple sorting. 
Firstly, in relation to the attribute, which was on the right 
of the rule (other rules were deleted); rules obtained in 
such a way were sorted decreasingly in relation to 
accuracy and within this accuracy decreasingly in relation 
to support. 

The most interesting from the obtained rules are 
presented below (after each rule its support in relation to 
the whole dataset and its accuracy were given): 

 
T30_40 ∈ (219, 278) and T40_50 ∈ (248, 362) and  
L∈ (4, 6) => T50_60 ∈(299, 543)    
0.1  0.96 
T30_40 ∈(279, 314) and L=2 => T50_60∈(584, 918)   
0.14  0.80       
T40_50,∈(391, 67825) and L=2 => T50_60∈(603, 908830) 
0.15  0.87 
T50_60∈(449, 602) and L∈(4, 6) => T60_70∈(562, 1291) 
0.1 0.95 
T20_30∈(207, 409) and T30_40∈(279, 314) and  
T40_50∈(377, 424) and T50_60∈(584, 918)  
=> T60_70∈(1199, 679715) 
0.12 0.93 

T0∈(23.18, 60.42) and T60_70∈(478, 1198) and 
Tu∈(74.85, 81.9) => L∈(4, 6) 
0.1  0.87 
T0∈(15.49, 18.96) and T20_30∈(207, 409) and 
Tu∈(23.88, 74.01) =>  L=2 
0.14  0.8 
T20_30=0 and T60_70∈(562, 1291) and L∈(5, 7) 
=> Tu∈(74.85, 81.9) 
0.1  0.8 
T40_50∈(384, 464) and T50_60∈(603, 908830) and 
L=2 => Tu∈(66.04, 74.5) 
0.11  0.80 
 
The above rules were obtained after presenting the set 

of the sorted rules to the experts. Only those rules were 
chosen which had only one atom in the consequent.  

As it is visible, obtaining any rational rules by the 
implementation method needs postprocessing and 
consultation with the domain expert. Of course it is 
possible to implement the algorithm so that it inducts only 
those rules whose form is interesting for us (for example 
they have one atom in the consequent). 

At the end it is worth noticing that relations obtained 
by the MODLEM algorithm and the ones obtained by the 
association rules induction make it possible to discover 
certain general regularities in data. As the pump wears 
away transition times  tx_y  become shorter and shorter and 
the stationary temperature increases; the number of  the 
pump turnings on and off also increases (in theory after 
reaching the stationary temperature 75.5°C the pump 
should be turned off and one should wait until the 
temperature goes below 20°C, hence for example as the 
pump wears away the number of  turnings on and off is 
bigger). 
 

10. Conclusions  
 

The conducted tests make it possible to draw the 
following conclusions: 
• while using decision rules induction algorithms for 

numerical data burdened with uncertainty it is more 
profitable from the point of view of descriptive and 
classifying features of the defined set of rules to 
induct approximate rules than accurate ones 

• the MODLEM algorithm together with using functions 
evaluating the quality of  the rules being defined 
makes it possible to discover a smaller number of  rules 
with slightly better classifying features than the 
standard version of  the algorithm  

• as the quality of  the rule being made increases only up 
to a certain moment which is usually reached in the 
initial phase of the rule making (independently of  the 



criterion of searching limit points), the moment when 
the rule quality begins to decrease should be 
considered the end of rule making. Such a situation 
significantly speeds up the algorithm working 

• the set of  association rules obtained with the aid of  
the algorithm proposed in [3] is very big and without 
filtration methods it cannot be the source of  
knowledge for domain experts. The time of algorithm 
working is not satisfactory and working out the 
methods of limiting the number of the rules being 
defined as early as in the phase of their generating is  
probably the most important task for the association 
rules induction algorithms nowadays 

• after making certain (more or less arduous) 
postprocessing both decision and association rules 
induction algorithms can be the source of  useful 
knowledge not only for experts in the field of  business 
and medicine but also industry. 
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