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Abstract 

A way to. obt� behaviour pattems of semiqualitative models of dynamic systems automatically isPosed m this pa�er. The temporal evolution of these models is stored into a database. This is a timed�tabase. This database may be obtained by means of sensor data or by means of semiqualitativemula�1ons . In any _way, the data� con� the values of state variables and parameters. Searchingtdmilar �tterns ":1 �uch database IS essential, because it help.5 in predictions, hypothesis testing and n eral, m data mmmg and rule discovery. '
llnguage to carry out qu�es abo�t the qualitative and temporal properties of this time-series databasepropo�. T�e language IS � mtended to classify the different qualitative behaviours of a model. lt claastficat1?n may be carn� o�t �cording with a specific criterion or automatically by means ofring_algonthms. The senuqualitat1ve behaviour of a system is expressed by means of hierarchicalul obtaíned by means of machine leaming algorithms. ' 1 m thodology is applied to a logistics growth model with a delay.

Introduction 

systems studied in science and engineer-
1 lt le difficult to find mathematical models 

present them in an appropriate way. The 
lt Id llng techniques should obviate certain as-
1 C tbe system. The simulation of these 

11 helps us to study the evolution of the 
iy tem. A way to carry out these simu-
03 Is described in [11] in depth. However, 
n t always possible to obtain a mathema
m del of a system. Thus, it is necessary 

1 pply other techniques in order to carry out 
• udy. A possibility may be placing sensors

In h r al system. The analysis of these data 
ltlw1 to study the system evolution. 

ti �b other hand, knowledge about dynamic 

systems may be quantitative, qualitative, and 
semiqualitative. When these models are stud
ied all this knowledge should be taken into ac
count. Different levels of numeric abstraction 
hav� � <:°nsidered: purely qualitative [8], 
serruqualitat1ve [6] [10], and quantitative. 

In this paper, a technique to carry out the 
analysis of dynamic systems with qualitative 
and quantitative knowledge is proposed. Toe 
idea follows: the quantitative behaviours o/ a
real system are stored into a database and tech
niques o/ Knowledge Discovery in Databases 
(KDD) are applied to study the system. The 
way to obtain the behaviours does not matter: 
by means of the simulation of a model or by 
means of the data sensors. 

The tenn KDD is used to refer to the over-

11 












