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Abstract-A novel two-stage scheme for mining sequential patterns is proposed. It clusters the 

sequences into several groups in the first phase. Theoretical and practical aspects of data 
mining, focusing on predictive data mining, where two central types of prediction problems are 
discussed: classification and regression. Further accent is made on predictive data mining, 

where the time-stamped data greatly increase the dimensions and complexity of problem 
solving. The main goal is through processing of data (records from the past) to describe the 
underlying dynamics of the complex systems and predict its future. Second part of the paper 
briefly highlights the methodologies for predictive data mining used in this paper, namely: 
Bayesian classifier, decision tree induction algorithm presents application of the predictive data 
mining techniques to hydro-meteorological data. 
____________________________________________________________________________ 

 
I. Introduction 

Mining sequential patterns from a large database is an important research topic in data mining 
[1]. Solution of the problems concerning water resources and environment today depends on 
large number of data sources and knowledge corpuses. Many relevant sources of data, 
structured observations and scientific information related to water resources and environmental 
processes currently exist, varying in both size and scope. The large potentials in the existing 
data banks need to be explored in order to transform these data/observables into valuable 
engineering information and knowledge. The key to these potentials can be found in data mining 

as a new emergent filed in hydro informatics. Data mining as an interdisciplinary field draws 
from statistical analysis, database systems, machine learning, pattern recognition, neural 
networks, fuzzy systems and other 'soft computing' techniques. Although data mining is young 
interdisciplinary filed, its methods are quite developed and many of them are practically 
applicable. The question is  how data mining techniques can help in engineering practice? 
There are many examples where data mining techniques are successfully being used in data-
driven modeling and decision making (Berson and Smith, 1998), where large organizations and 
companies(business, marketing, medical companies, telecommunications, banks, infrastructural 
companies etc.) already benefit from data mining (Adriaans & Zantinge, 1996; Fayyad et al., 
1996). However, we argue that applications of data mining to water and environment – related 
problems are clearly lacking. Introducing these techniques to engineering working practices and 
communities raises a number of important problems and questions that need to be addressed, 
such as general data mining problem-solving framework and applicability and suitability of 
particular data mining techniques and algorithms for various types of water related datasets. 
This work addresses some of the mentioned issues. 
 

II. Related Work 
The original definition of sequential pattern mining was proposed for transactional database [1]. 
Given a database S of sequences, where each sequence si consists of a list of elements 

denoted as ei : ⟨e1,e2 …. en⟩, and each element is an item-set denoted by ⟨i1,i2…. im⟩. The 

task of mining sequential patterns  is to find the maximal subsequences, whose support is not 
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less than the user-specified minimum support threshold, among all sequences. Each maximal 
subsequence represents a sequential pattern. This sequence representation is not appropriate 
in some sequential pattern mining applications. Web click stream is a list of ordered events 
represented by sequences. A sequence represents a user's browsing history in a period of time 
using the original sequence representation. Each item-set represents a web session of the user, 
and the item in the sequence is the web log the user browsed. Two issues will arise due to the 
representation. First, it is difficult to identify the specific user even if intrusive techniques such as 
cookies are used. It can be solved by mining session sequences because multiple users on a 
share computer can be represented by different sessions. Second, the goal of web click stream 
mining is to understand users' behavior on the web, and different sessions of a user may 
correspond to visits with different purposes in mind. Therefore, the common approach is to mine 
the session sequences instead of user sequences. However, the original sequence 
representation is not appropriate for web sessions because of the parentheses on item-sets. We 
modified the sequence representation for the web session mining problem. The item-sets in the 
sequence are joined, i.e., the borders of item-set are removed. Then the sequence in the 
original representation form ⟨1; (1; 2; 3); (3; 5)⟩ becomes the form ⟨1; 1; 2; 3; 3; 5⟩. Besides, a 
web server usually contains thousands, even millions of pages. The diversity of web pages 
makes it difficult to find group of sessions with common pages. Users who share the same 
interests often visit different web pages because the pages with similar content may be 
represented by different URLs. Therefore, the items in the web session sequences could be 
represented as the category that contains the web page of the URL. The categories and 
relations can be obtained based on the term types' commonality and sequential patterns [14]. 
So the problem becomes mining patterns in the database S of sequences si denoted by 
⟨i1i2…..in⟩. 
 
Bayesian classification 
Bayesian classification is an approach to unsupervised classification based upon the classical 
mixture model (Everitt & Hand, 1981), supplemented by a Bayesian method for determining the 
optimal classes. In the Bayesian approach to unsupervised classification, the goal is to find the 
most probable set of class description (a classifier) given the data and prior expectations. The 
introduction of priors automatically enforces a trade-off between the fit to the data and the 
complexity of the class descriptions. There is no generally accepted way to rate the relative 
quality of alternate classifications. The methods of setting up models and searching the sets of 
descriptive classes have been the subject of statistical research for many years. Most of the 
Bayesian classifiers utilize model that gives the probability of the data conditioned on the 
hypothesized model: PXH,p0, known as likelihood function. Maximum Likelihood Estimation 
(MLE) deals with finding the set of models and parameters that maximizes this probability. 
However, MLE usually fails to provide convincing way to compare alternate classifications that 
differ in class models and/or the number of classes. MLE usually increases with both model 
complexity and number of classes (until the class number equals the number of cases). The 
alternative approach is to find out the probability of different hypothesized models (probabilistic 
models) given the data, PH Xand then to compare the models, which in this case have 
different number of classes. This strategy is employed in the Auto Class Bayesian classification 
algorithm (Stutz and Cheeseman, 1994). Given a set of data X the algorithm search for two 
things: for any classification probabilistic model T it searches for the maximum posterior 
parameter values V , and irrespective of any V it seeks the most probable T. Thus there are two 
levels of search: parameter level search and model level search. For any fixed T specifying the 
number of classes and their class models, the algorithm searches the real-valued space of 
allowed parameter values for the maximally probable V using exhaustive search, which is 
computationally expensive process. The model level search involves the number of classes J 
and alternate class models j T . There are several levels of complexity in the model level search. 
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The basic level involves a single class model j T common to all classes, with search over the 
number of classes. The other search level allows the individual j T to vary from class to class. 
The result of the AutoClass Bayesian classification algorithm is one or more of the best 
classifications found. A classification consists of the class model(s) and a set of classes, each 
with the class probability and parameters. Classifications are rated in terms of log of the relative 
marginal probability of the hypothesized model given the data. Details about the AutoClass 
mathematical model and implementation can be found in Stutz and Cheeseman (1994). Berger 
(1999) gives excellent overview of the state-of-the-art in Bayesian analysis. 
 
Inducting decision trees from data 

Machine learning methods that represent their mined knowledge as decision trees and 
classification rule sets form family of classifiers that can be effectively used in predictive data 
mining for solving classification problems. In most of these algorithms the target of mining (set 
of class labels) has to be pre-determined. There are basically three groups of algorithms that 
derive decision trees, which differ in the feature selection criterion for partitioning the training 
data set. The most well known algorithm of the first group is called ID3 (Interactive Dichotomizer 
3), while in the second group the CART (Classification and Regression Trees) algorithm is the 
most prominent. The third group uses statistically based feature selection criteria. In this work 
we used the enhanced version of the ID3 algorithm know as C4.5 (Quinlan 1992). The learning 
algorithm is presented with a set of examples relevant to the classification task. The aim of the 
learning method is to produce a tree that correctly classifies all examples in a subset of the 
training set. All other examples in the training set are then classified using the tree. If the tree 
gives the correct answer for all of these examples then it is correct for the entire training set, 
and the iterative process terminates. If not, a selection of the incorrectly classified examples is 
added to the initial subset and the process starts again. A divide-and-conquer strategy is used 
to construct the decision tree (Quinlan, 1986). The choice of the test to partition the training set 
is crucial for the complexity of the inducted tree. The test is to select an attribute for the root tree 
and subsequent sub-trees. The C4.5 algorithm adopts an information-based method that relies 
on two assumptions. If set S represent the training set and x,y and z are number of examples of 
classes X, Y and Z respectively, than the assumptions are: 

 

At each non-leaf node of the decision tree, the gain of each untested attribute is determined. 
This gain in turn depends on the value of i x , i y , and i z for each value i A of the attribute A. 
Every example is examined to determine its class and its value of A. Thus, the total 
computational requirement per iteration is proportional to the product of size of the training set, 
the number of attributes, and the number of non-leaf nodes in the decision tree. The training 
stage of the algorithm results is a classifier in a form of decision tree, which can be used to 
classify an unseen set of testing samples. Furthermore a set of classification rules can be 
extracted form the decision tree by tracing the path from the root to each leaf (corresponding 
class). This set of rules can be consequently plugged into propitiate knowledge-based system. 
 

III. Performance Analysis 
The described data mining algorithms were use to carry out two case studies: (i) classification 
and (ii) regression, using hydro-meteorological data sets from Hoek van Holland station in the 
Netherlands. In the classification problem the main goal is to discover and predict particular 
classes of surge events for decision-making purposes. In addition, improving the accuracy and 
reliability of the surge water levels prediction within the time horizon of 3 to 6 hours is of outmost 
importance for navigational purposes. The data sets comprise of measured water levels, wind 
speed, wind direction and air-pressure for the period between 1990 - 1996 with the sampling 
time of 10 min. In order to remove the influence of the relative motion of the earth, moon and 
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sun, astronomical tidal oscillations were subtracted from the measured water levels. The 
residual water level time-series in this text are referred as a surge. The additional assumption is 
that the data is relatively 'clean' and validated. For the classification experiment, Bayesian 
classifier implementing unsupervised learning was used. In order to remove the high frequency 
fluctuations of the surge, wind speed and direction, which are not essential while dealing with 
classification task, the hourly data were generated by taking average of the 6 measurements 
with the time interval of 10 min. This resulted in 45984 cases for the training data set (1990-
1995) and 8784 cases for the validation set (1996) in 4 dimensional feature space. Several runs 
were carried out using different probabilistic models. The best result were achieved using log-
normal probabilistic model which resulted in 10 distinguishing classes of surge events. 
Statistical heuristic measures were used to access the quality and the strength of the classes 
found, namely: (i) the approximate geometric mean probability for instances belonging to each 
class, computed from the class parameters and statistics. This approximates the contribution 
made, by any one instance "belonging" to the class, to the log probability of the data set versus 
the classification (considered as one big class). It thus provides a heuristic measure of how 
strongly each class predicts "its" instances; (ii) the class divergence, or cross entropy versus the 
single class classification, is a measure of how strongly the class probability distribution function 
differs from that of the dataset as a whole; (iii) normalized attribute influence values summed 

over all classes, which gives a rough heuristic measure of relative influence of each attribute in 
differentiating the classes from the overall data set. Results from Bayesian classification 
analysis are 
 

Attribute(feature) Influence value 

Surge water level 1.000 

Wind EW component 0.659 

Wind NS component 0.625 

Air pressure 0.404 
 

Table1.Normalised attribute influence values 

IV. Conclusions 

In this paper discussed and demonstrated some of the predictive data mining techniques 
focusing on two types of engineering problem solving: classification and regression. 
Unsupervised Bayesion classification is a useful approach when dealing with large amount of 
data and when classes have to be discovered. Its simple nature and the probability theory 
background makes this approach powerful data mining tool, especially when combined with the 
domain knowledge. Machine learning decision tree induction technique C4.5 has shown its 
ability of building accurate classifiers with strong predictive capabilities for the future surge class 
events. Finally, we demonstrated that local linear modeling of the state space of the studied 
complex nonlinear dynamic system could accurately predict the surge water level within its 
prediction time horizon. 
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