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Abstract 

 

We discuss a searching method for synthesis of approximate description of decision 

classes in large data tables (decision tables). The method consists of the following stages: 

(i) searching for basic templates which are next used as elementary building blocks for 

decision classes description; (ii) performing templates grouping as a pre-processing for 

generalisation and contraction; (iii) generalisation and contraction operations performed on 

the results of grouping. The main goal of the method is to synthesize the approximate 

description of decision classes. The control in the searching method is focused on attempts 

to reduce uncertainty in approximate description of decision classes. On the other hand 

uncertainty in temporary synthesised descriptions of decision classes is the main "driving 

force" for the searching method. In the paper we concentrate on the different methods for 

template generation and on the discussion of performed computer experiments. We also 

present a general searching scheme for approximate description of decision classes as well 

as we point out the relationship of our approach to the rough mereological approach to the 

synthesis of complex objects. The presented method can be adopted for synthesis of 

adaptive decision algorithms what is the goal of our ongoing research project. 

 

Key words: adaptive decision systems, data mining systems and tools, templates, 

generalisation and contraction, genetic algorithms, rough mereological synthesis scheme 
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1. Introduction 
There exist many methods for synthesis of decision rules and/or finding regularities in data 

tables [5], [8], [11], [12]. However, these methods are usually efficient for relatively small 

tables. Data mining community is investigating [4], [6], [8], [15], [16], [17] new methods 

efficient for large data tables. Our approach is based on the decomposition of large data 

tables into smaller ones in such a way that the approximation of global decision algorithm 

(related to the whole table) from local ones (related to these smaller tables) can be 

obtained. The set of these smaller tables can be treated as a set of generators that used 

together with appropriate operators, like grouping, generalisation, contraction, can be 

applied for achieving the sufficient approximation of the global decision algorithm. We 

propose to use as the generators the so called “templates”. Templates can be described as 

conjunctions of attribute=value expressions. We look for templates with high quality e.g. 

characterised by the number of objects supporting a template times the number of 

attribute=value pairs describing the template. We discuss here two algorithms for template 

generation; some algorithms can be based on reduct approximation [12]. The templates are 

matched against the given decision class and finally the templates included in the decision 

class to the highest degree are chosen. One can use several measures to estimate the quality 

of template inclusion into the decision class, e.g. the ratio of objects supporting a given 

template and included in the decision class to all objects supporting template or/and the 

ratio of objects supporting the template and included in the decision class to the number of 

objects in the class. These numbers are treated as parameters which should be tuned up in 

the process of synthesis of approximate description of the decision class. Strategy in 

choosing templates can also depend on the estimation of how promising these templates 

can be for the construction of the decision class approximation by application of different 

operators like grouping, generalisation, contraction. The grouping procedures are executed 

after templates are chosen. In this step the following principles should be observed: (i) two 

templates covering almost the same objects from the class and almost disjoint on objects 

not belonging to the class should be separated by grouping procedures; (ii) the family of 

intersections of different templates in one group should not be “close” to the partition of 

the decision class into one element sets. Groups of templates are received as the results of 

these procedures. Different approximate coverings of the decision class are constructed by 

applying generalisation to these groups. Next, the grouping procedures are executed again 

as a preprocessing for contraction. The process continues until a description of the decision 

class with a sufficient quality is constructed; otherwise,  the process of construction is 

estimated as unsuccessful and it is redone from some previous construction level by 

applying another grouping, generalisation or contraction strategies. The simplest cases of 

generalisation and contraction are union and intersection, respectively. More advanced 

operations of generalisation can be obtained by introducing tolerance relations. This issue 

will be discussed elsewhere. In this work, we concentrate on the different methods for 

template generation and on the discussion of performed computer experiments. We also 

present a general searching scheme for approximate description of decision classes as well 

as we point out the relationship of our approach with rough mereological  approach to 

synthesis of complex objects [9], [10], [13]. 

 

2. Preliminaries 
An information system [7] is a pair A=(U, A), where U is a non-empty set called the 

universe and A is non-empty set of attributes. Any  aA is a mapping,  a: UVa, where 

Va is the value set of a. A decision table is an information system of the form A=(U, A

{d}), where dA is a distinguished attribute called the decision (with integer values). The 

decision d determines the partition {X1, ..., Xr(d)} of the universe U, where Xi={xU: 
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d(x)=i} for 1ir(d). The set Xi is called the i-th decision class of A. For BA, the B-

indiscernibility relation [7] is defined by IND(B)={(x,x')UU: for any aB, a(x)=a(x')}. 

The set of reducts [7] is denoted by RED(A) and contains all minimal subsets (with respect 

to inclusion) BA such that IND(A)=IND(B). 

A template for A={a1,...,an} is a string v1,...,vn where vi Vai
 {*} for any i and '*' is a 

special “don’t care” character. The i-th position of a template corresponds to the attribute 

ai. If '*' appears on the i-th position, then  it means that the template “ignores” attribute ai. 

An object x is matching a given template iff ai(x) is equal to the i-th element of the 

template if this element is different from *, for any i ([2]). 

Example of a decision table and a template (shaded, size 33): 

Objects:    Attributes:   Decision: 

 a1 a2 a3 a4 ........ aN d 

x1 5 0 1 1.16  black 1 

x2 4 0 0 8.33  red 0 

x3 5 0 1 3.13  black 1 

x4 5 0 0 3.22  black 1 

... 

... 

       

xm 1 1 0 3.24  red 0 

The template:  (5, 0, *, *, …, black) matches objects x1, x3, x4. We are interested in good 

templates, that is in templates containing as many fixed places as possible and matching as 

many objects as possible.  

 

3. Methods for template generation  
3.1. Finding templates using object weights 
3.1.1. Overview 

The idea is based on setting appropriate weights to all objects in the decision table. These 

weights describe a potential ability of the object to belong to a “good” (in a sense) 

template. After attaching the weights to objects the process of the selection starts. Objects 

are being chosen randomly with respect to their weights. Each time a new object is chosen 

the fitness of new state is being calculated. If the new state is better then the algorithm 

continues, otherwise it depends on the control variable. The algorithm uses a mechanism 

of “mutation” i.e. some objects are drawn to be removed once upon a time. It allows to 

avoid the local extrema.  

 

3.1.2. Weights 

Let A=(U, A) and xU. For any yU, we calculate g a A a x a yx y, { : ( ) ( )}    i.e. the 

number of attributes that have the same value on x and y. This number denotes the 

“closeness” of y to x. Then, for any attribute aA, we calculate w x ga x y
y a x a y

( ) ,
: ( ) ( )

 


and 

finally the weight  w x w xa
a A

( ) ( ) 


. We have w x gx y

y

( ) , 2
. 

Our experiments show that these weights allow for very satisfactory clustering of objects 

into templates while  more “naive” values of weights decrease the quality of results. 

 

3.1.3. The algorithm 

First we construct a list of all objects and count their weights. It takes the majority of the 

computation time. In large data tables some initial objects can be randomly chosen and 

weights can be attached only to them. Next, the idea of “roulette wheel” [1] for the random 
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choice of objects from the list can be applied i.e. objects  with greater weights  have the 

better chance to be chosen. The corresponding data structures (see below) are updated 

when a new object is chosen. For the new state we calculate the value of its fitness 

function.  

The calculation of fitness function is very fast for data structures proposed here. If the 

fitness of the new state  is better than that of the previous one we continue with it; 

otherwise, we remain in the new state with some probability,  controlled by the variable 

that decreases together with the progression of the selection process. The further the 

algorithm has progressed in calculations, the smaller is the probability of choosing the 

worse state. It is decided with some frequency whether to remove a randomly chosen 

object from the set of selected objects.  

The algorithm can be stopped in many different ways e.g. when chosen objects give worse 

state for several times or when the control variable decreased below some threshold. 

During the process the template with highest fitness is being stored in the memory. 

 

3.1.4. Data structures 

The following data structure can be used for storing the information about chosen objects. 

We build the table of length n of pointers to the ordered lists of structures containing two 

pieces of information: the value of the attribute related to the list and  the number of the 

occurrences of this value in the set of chosen objects. If a new object x is being chosen 

then for any attribute a we increase the number of occurrences of a(x). If a(x) has not 

occured  yet then we add it to the list. When  we remove an object from the set of chosen 

objects , the corresponding values are correspondingly decreased. If a certain value of the 

attribute does not exist any longer then  we remove the corresponding structure from the 

list. The lists are being sorted in the process of adding new objects according to the 

number of occurrences of attribute values. The searching time  through the lists is short 

because for any attribute the most frequent values occur at the beginning of the list. 

Additionally, an integer table of length n  can be created which for any attribute stores the 

number of its values (for the set of chosen objects). Then the fitness can be computed, e.g. 

by counting the number of 1 in this table and multiplying the result by the number of 

chosen objects. 

 

3. 1. 5. Example. Consider the following set of chosen objects: 

x1: 1 5 0 0 1 

x2: 3 3 0 1 1 

x3: 1 2 0 3 1 

The following data structure can be created: 

2 3 1 3 1 
 

1;2 5;1 0;3 0;1 1;3 

3;1 3;1  1;1  

 2;1  3;1  

The value of fitness can be computed as follows: 

 the number of 1 in the first table =2 

 the number of objects =3 

 fitness=2*3=6 

 

3.2. Finding templates using genetic algorithms  
3.2.1. Genetic algorithms in optimisation problems [2], [3] 
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We are given a state space S (finite, but large) and the function: f: S  R+. Our goal is to 

find xo: f( xo ) = max f( x ), ( x, xo  S ). Elements of set S are "individuals". The main idea 

of classical genetic algorithms is based on the Darwinian principle of natural selection. We 

treat the value of the function f as ability ("fitness") to survive in the environment, and we 

simulate the process of evolution as follows  (i) we choose the representation scheme (and 

change "individuals" to "chromosomes" - usually bit strings). We randomly choose the set 

of chromosomes as an initial population; (ii) we calculate "fitness" F( c ) of each 

chromosome c as a value of f( s(c)), where s(c) is the individual coded by c. Then we 

create new population, replacing the chromosomes with low fitnesses by those with higher 

fitnesses; (iii) we randomly choose a new population by mutations (small, random 

modifications of chromosomes) and crossing - overs (exchange of "genetic material" 

between some pairs of chromosomes);  (iv)  we repeat (ii)-(iii) with the new population. 

The result of evolution is the best individual xmax which is usually nearly as good as the 

global optimum xo.  

 

3.2.2. Representation 

Note, that every template can be represented by a binary string of length N (indicating 

which attributes are fixed) and any object matching it (called a base object). This 

representation will be the most natural in problems as follows: “Find the largest template 

matching the object x1”. There are also other questions, such as: “Find the globally best 

template in this information system”, that can be reformulated in terms of finding the best 

template matching one specific object. In fact, the algorithm described below finds a good 

template for a given base object. 

Assume given a base object xb ; we are looking for the best template matching xb. To do 

this, we use the following  greedy algorithm: 

1.  Let i := 1, T = { *, *, … * } and let ( b1 ... bN )= ( a1 ... aN ) be an ordered list of 

attributes - the order is represented by a permutation . 

2.  Calculate the size of  the template T. 

3.  Add the value bi (xb) on attribute to T,  i := i + 1. 

4.  Repeat from 2 until i = N. 

5.  Choose the best result found in step 2. 

Every locally maximal template can be found using this algorithm - the result depends on 

the order of attributes. The time complexity of this algorithm can be evaluated as 

O(N
2
m). The algorithm described above can be optimised in many ways: for example, 

objects that do not match the base object in any position can be deleted from database (a 

pre-processing). Our goal is to find the proper order of attributes and we use genetic 

algorithms to do this job. Our chromosome will be a permutation  of length N. 

There is no simple and fast way to generate globally good templates by this algorithm - 

generating the best template for any object is rather unacceptable for the long databases. 

On the other hand, a globally good template means that it matches many objects from the 

database (in examples presented below - up to 60%). Note, that if we choose any of them 

as our base object, we find global optimum. So, we can simply choose randomly as many 

objects as possible and calculate the templates - the largest of them will probably be a 

global optimum. 

 

3.2.3. Function of fitness 

The value of the fitness function, F(T) , depends on two parameters viz. the number OT of 

objects in the datatable matching the given template (base object excluded) and the 

number AT of fixed positions: F(T) = OT  AT.  
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Calculating F(T) is the most time-consuming operation, but some techniques can be used 

to make it faster. For example, we can store fitness values in memory and try to recall 

them instead of calculating them again. 

 

3.2.4. Selection method 

When the fitness function is calculated for each chromosome, the selection process begins. 

First, we normalise the fitness values: 

        F( x ) 

  FN( x )=  

        F( x ) 

Next, we use these new values FN( x ) as a probability distribution, and we choose the new 

population randomly, using this distribution (applying  the "roulette wheel" algorithm). 

The results were slightly better in the case  when the elitist strategy was used as an 

additional technique. The best individual was copied to the new population without 

changes.  

 

3.2.5. Crossing-over 

Crossing-over affects chromosomes selected to reproduction with the probability of Pc = 

0.7. We use the method called PMX (Partially Matched Crossover [1]): the parent 

permutations are cut at two random points and the fragments are combined and treated as a 

list of transpositions. Then the parent permutations are treated by these transpositions. 

 

3.2.6. Mutations  

Probability of a mutation on a single position of  the permutation was chosen as 0.1. 

Mutation of the permutation means a single transposition of two elements like in  

 { 1 2 3 4 5 }{ 1 3 2 4 5 }. 

 

3.3. Comparison of algorithms for template generation 
The algorithms described above were tested on several examples of real databases. 

Computation times for th two methods are presented below: 

 

Size of   Genetic method    Weight method  

decision table Parameters Time Result Time Result 

objattr genpop min:sec objattr min:sec objattr 

 1510 0:01 722 0:05 259 

19261 2520 0:02 783 0:05 2321 

 10050 0:16 783 0:04 2520 

 1510 0:01 2403 0:06 3611 

47133 2520 0:03 2403 0:04 3012 

 10050 0:27 2154   

 1510 0:12 868 0:13 35121 

225490 2520 0:24 1565 0:30 33129 

 10050 3:34 12210 0:12 42101 

 1510 0:25 8,7322   

15,53415 2520 1:20 5,8253 28:50 2756 

 10050 12:11 5,8253   

         Computed on HP Apollo 715 

Size of the decision table = number of objects and attributes in decision table; 

parameters = number of steps (generations) of the genetic algorithm, the population size; 

the result = the size of the best template found. 
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The results show  that the genetic method produces templates with more objects and fewer 

attributes than the weight method. On the other hand, the time complexity of the first 

method is O(N
2
m), whereas the second method has the time complexity O(Nm

2
), where 

N is the  number of attributes and  m is the  number of objects. We can therefore decide on 

the better one for any particular problem. 

 

4. General scheme  
We may use templates produced by these algorithms e.g. for searching for regularities in 

databases. However, our main goal in knowledge discovery is to find rules binding 

attributes and decisions i.e. a decision algorithm. To this end , we follow the steps 

described below. Suppose that we are given a  decision table A. We are interested in the 

description of its i-th decision class by a set of decision rules i.e. by the decision algorithm 

for this class. 

 

Step 1. We produce the set of templates covering the decision class, i.e. most objects from 

the class match one of templates while as few as possible objects from other classes 

match them. Both algorithms described above can be adapted to this new kind of a 

template: we can simply change the formula for the template fitness. 

 

Step 2. We combine the templates obtained in the previous step into groups and apply the 

operations of generalisation and/or contraction. We can use one of these operators in an 

adaptive way to obtain the decision algorithm of better quality. We repeat Step 2 until the 

quality of obtained decision algorithm is sufficiently good. 

 

Step 3. If the quality of decision algorithm is not satisfactory then we repeat from Step 1 

else we can use the algorithm (maybe after some post-processing) as the approximate 

definition of the i-th decision class. 

 

The generalisation operator may be understood in the simplest cases as the union of 

objects matching one of the templates, alternatively as a minimal template including all the 

templates. The contraction, in the simplest case, can be defined as the intersection of the 

templates. For both operators, we may take into account e.g. weights attached to the 

attributes: the “less important” attribute can be generalised or fixed etc. We may also 

employ additional techniques concerning with the notion of a  tolerance, or uncertainty, of 

template description.  

The quality of decision algorithm obtained by this method depends on how it fits the 

decision class, and also on its complexity - we tend to produce rules as simple as possible. 

Our results presented here seem to speak decidedly in favor of this method. 

 

4.1. Finding decision templates using genetic algorithm. 

We produce the decision templates using the genetic algorithm similar to the one described 

in Section 3.2. We have only to change the fitness formula: 

  F T c
O

O O
c

O

O O

O

Oused class

( )  










  











 

 






1

3

2

3

 

where: 

O+ = the number of objects matching the template and belonging to the decision class; 

O-  = the  number of objects matching the template and not belonging to the decision class; 

Oused = the  number of objects matching the template and belonging to the decision class, 

 but already covered by the previously generated templates. 
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Oclass = the number of objects belonging to the decision class; 

c1, c2 - parameters. 

Using this fitness function, we can cover whole decision class with templates. We start 

with a random object in the class as a base object, then the obtained template is stored in 

the memory. The next base object is chosen randomly from the class, but we do not take 

into account objects covered by the already produced templates. 

Observe that a high value of c1 forces the templates chosen not to cover any object outside 

the class, but the templates are shorter and we have to use more of them. If the value of c2 

is high then obtained templates are separated.  We can use the conjunction of obtained 

templates as our approximate definition of the decision class.  

 

 

The results of our experiments are shown below: 

 

Size of 

decision 

table 

Size of 

decision 

class 

Time 
min:sec 

c1 Result Efficiency of 

decision 

algorithm 

19261 35 0:13 0.7 3/0 + 3/0 + 2/0 + 3/0 + 2/0 + 3/0 + 2/0 + 2/0 + 2/0 

+ 2/0 + 1/0 + 1/0 + 2/0 + 2/0 + 1/0 + 2/0 + 2/0  

35/0 

  0:02 0.3 30/131 + 23/82 35/148 

47133 248 1:25 0.7 7/0 + 3/0 + 8/0 + 2/0 + ... [total: 90 templates] 248/0 

  0:52 0.4 4/0 + 5/0 + 189/174 + ... [total: 54 templates] 248/174 

225490 163 4:24 0.7 77/7 + 7/0 + 5/0 + ... [total: 28 templates] 163/7 

  0:47 0.4 81/1 + 147/45 + 2/0 + 1/0 + 1/0 163/45 

15,53415 830 114:24 0.5 2/0 + 1/0 + 4/0 + 2/0 + ... [total: 353 templates] 830/0 

  0:25 0.3 830/14,704 830/14,704 

   

Each component represents one template. X/Y means that the template matches X objects 

inside the class and Y outside the class. 

Efficiency of decision algorithm = number of objects matching the conjunction of obtained 

templates: (inside the class)/(outside the class). 

The results show, that in real cases we have to be very careful in choosing value of c1. If 

the value is too high, then we obtain too many templates; if the value is too low, the 

obtained decision algorithm is useless: it cannot recognise properly too many objects. On 

the other hand, there are many templates covering only 1 or 2 objects. These "exceptions" 

can be omitted if we are interested in short and general rules. 

 

5. Rough mereological approach to synthesis of complex objects 
We will put the specific solutions presented in Section 4 into a broader perspective by 

discussing a rough mereological framework [9], [10], [13]. The idea of a mereological 

approximative synthesis of a solution is based on the observation that in many cases a 

solution to a problem posed under uncertainty is synthesized from "pieces" characterized 

by the degree in which they are close (or, are "parts" of) to some standard components of 

the solution, the latter often "ideal" i.e. not known fully to the problem solver. To 

characterize the degree of being a part, we introduce a function M (called a rough inclusion 

[9]) with M(x,y) = the degree in which x is a part of y. Usually, the range of M is the unit 

interval [0,1] and M(x,y)=1 means that x is a full (possibly improper) part of y. In 

particular, the function M(T,D) = |[T] [D]| / |[T]| generates a rough inclusion (see [10]); 

it is used in Section 4 as an ingredient to measure fitness of a template T in approximating 

a decision class D. 
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The encouraging quality of approximations used with employing this rough inclusion 

compels us to sketch the idea of further investigations on approximating decision classes 

via templates along rough mereological lines. The approach in Section 4 has to do with a 

sequential exhausting of a decision class D by a sequence of templates (Ti)i . We can 

regard the successive steps of this approach as a sequence of agents associated to random 

choices of  objects in D and working cooperatively in the way described above. 

More general mereological schemes of synthesis are constructed in the following way (cf. 

[13]). Given a hierarchy (assume a tree) of agents, any agent ag is equipped with its 

universe of objects U(ag), a rough inclusion M(ag), a language (say, of unary predicates) 

L(ag) interpreted in U(ag), and a set St(ag) of standard objects (standards). Given a 

requirement  , the agents negotiate the condition ( (ag),  st(ag),  (ag)) for any ag such 

that: (i) st(ag) St(ag); (ii) st(ag) satisfies  (ag);  (iii) for any ag and its children 

ag(1),..,ag(k) (if there are any), if M(ag(i))(x(i), st(ag(i)))   (ag(i)) for i = 1, 2,.., k, then 

the parent ag constructs from x(1),.., x(k) the (unique) object x such that M(ag)(x, st(ag))  

 (ag); (4) for the root agent R of the hierarchy, if  M(R) (x(R), st(R)) ))   (R) then x(R) 

satisfies the requirement   in satisfactory degree. 

In our context of approximating large decision classes, the above scheme can be 

implemented as follows; any (abstract) agent ag is attached to a subtable D(ag) of the 

datatable D, for a family (chosen at random) of subtables. Standards at ag are defined as 

template coverings of test subtables of the same size as D(ag) found from experiments. 

Test experiments are then used to learn values of uncertainty coefficients  (ag) and 

template coverings in a new case are found which are satisfactorily close to selected 

standards by using an adequately defined fitness function.  

Let us observe that this interplay between the mereological synthesis theory and the 

approximation problem is mutual: not only the general mereological synthesis scheme is 

applicable here in a natural way but also the experiments with real datatables will prove 

the validity of the theoretical scheme and allow for experimental testing of theoretical 

conjectures concerning the propagation rules for uncertainty coefficients. Observe that two 

extreme levels: the datatable D and leaf subtables of D are given but the intermeduate level 

where findings from subtables are synthesized presents a theoretical and applicational 

challenge. Our research project is directed towards this goal. 

 

Conclusions 
We have presented some methods for template generation and a general scheme for 

approximate description of decision classes based on the notion of a template. An 

interesting aspect of our approach is that on the one hand searching methods are oriented 

towards  uncertainty reduction in constructed descriptions of decision classes but on the 

other hand uncertainty in temporary synthesized descriptions of decision classes is the 

main "driving force" for the searching methods. The results of computer experiments are 

showing that the presented methods for template generation are promising even for large 

tables; however, much more additional work should be done on strategies for the 

construction of approximate decision class descriptions on the basis of the  general 

mereological scheme. The presented results create the basis for further experiments and 

research on adaptive decision system synthesis. 
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