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Resum 

 
Aquest projecte ha estat desenvolupat a l’Universitat de Brasilia, en cooperació 
amb el Ministeri de Planejament, Pressupostos i Gestió de Brasil. 
 
El concepte de Business Intelligence (BI) es pot definir com la capacitat d’una 
organització per recollir, mantenir i organitzar el seu coneixement. L’objectiu 
principal dels sistemes de BI és el d’ajudar en la presa de decisions. 
 
En aquest projecte, l’objectiu és l’estudi i millora del sistema de BI del MP. 
Específicament, els tests de l’estudi de cas utilitzat en aquest projecte s’han 
realitzat utilitzant les dades de la Secretaria del Patrimoni de la Unió (SPU), 
que pertany al MP. La SPU utilitza diversos indicadors per controlar els seus 
processos. Aquests indicadors es poden modelar com a series temporals.   
 
El MP ha estat incorporant alguns sistemes de BI en els últims anys, en la 
majoria dels casos utilitzant la Suíte Pentaho, distribuït com a programari lliure 
(open source). La Suite Pentaho inclou el paquet WEKA, que conté diversos 
algoritmes per a l’anàlisi de dades i modelatge predictiu. No obstant, el 
programa WEKA es presenta com un entorn altament tècnic, la qual cosa el 
torna inaccessible per als gestors del MP. 
 
El principal objectiu d’aquest projecte és el de resoldre aquesta limitació en el 
sistema de BI del MP i posar las funcionalitats d’anàlisi predictiva a disposició 
dels gestors del MP. Per dur a terme aquest projecte, la primera etapa és 
l’estudi i proves de rendiment dels diferents algoritmes d’anàlisi predictiva. Els 
programes utilitzats en aquesta part han sigut WEKA® i MATLAB®. 
 
Com a contribució d’aquest projecte, els millors algoritmes de predicció han 
sigut escollits per tal d’incloure’ls dintre de l’entorn Pentaho. 
 
Per últim, es proposa una solució final de configuració adaptativa en relació a 
les dades, que sigui capaç de fer prediccions precises i amb una interfície 
simple per a usuaris sense coneixements tècnics o matemàtics. La solució 
proposta ha sigut validada utilitzant les dades reals del MP. 
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Overview 
 

 
This project has been developed at the University of Brasilia, in cooperation 
with the Brazilian Ministry of Planning, Budget and Management (MP). 
 
Business Intelligence (BI) can be defined as the ability of an organization to 
collect, maintain, and organize knowledge. The final objective of the BI 
systems is to assist the decision-making. 
 
In this project, the objective is to study and improve the BI systems of the MP. 
Specifically, the tests of the case study presented in this project have been 
done using the data of the Federal Property Department, in portuguese 
Secretaria do Patrimônio da União (SPU). The SPU uses several indicators for 
controlling its processes. These indicators can be modeled as a time series. 
 
The MP has been incorporating some BI systems in lasts years, most of them 
using the open source Suite Pentaho. The Suite Pentaho includes the package 
WEKA, which contains several algorithms for data analysis and predictive 
modeling. However, WEKA is presented as a very technical environment and, 
therefore, it is not accessible for the MP managers. 
 
The main purpose of this project is to solve this limitation existent on the BI 
system of the MP, and make the predictive analysis accessible for the 
managers.  
 
To achieve this purpose, the first step required is to study and test the 
performance of the different algorithms of predictive analytics. The softwares 
considered for this are WEKA® and MATLAB®. 
 
As a contribution of this master's thesis, we select the best algorithms for 
predictive analytics available on the Pentaho environment. 
 
We propose a final solution, whose configuration is adaptive with respect to the 
data, which is accurate and has an easy interface for users without technical or 
mathematical knowledge. The proposed solution is validated with the real data 
obtained from the MP. 
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INTRODUCTION 
 
[1] [2] [3] [4] [5] 
In 1958, the IBM researcher Hans Peter Luhn defined the term business 
intelligence as: "the ability to apprehend the interrelationships of presented facts 
in such a way as to guide action towards a desired goal." [6]. More than 50 
years later, Business Intelligence is a widely studied area and some products 
implementing these techniques are present in most of the big enterprises and 
several public organizations. 
 
In a more recent definition, Business Intelligence (BI) can be defined as the 
ability of an organization to collect, maintain, and organize knowledge. This 
produces large amounts of information that can help develop new opportunities. 
Identifying these opportunities and implementing an effective strategy can 
provide a competitive market advantage and long-term stability [7]. 
 
The final objective of the BI systems is to assist with the decision-making. For 
this task, BI systems have different functionalities such as reporting, online 
analytical processing, analytics, data mining, process mining, complex event 
processing, business performance management, benchmarking, text mining, 
predictive analytics and prescriptive analytics.  
 
In this project, the objective is to study and improve the BI systems of the 
Brazilian Ministry of Planning, Budgeting and Management, in Portuguese 
Ministério do Planejamento, Orçamento e Gestão (MP). Specifically, the tests of 
the case study presented in this project have been done using the data of the 
Federal Property Department, in portuguese Secretaria do Patrimônio da União 
(SPU). The SPU uses several indicators for controlling its processes. Each 
indicator is composed by several values of certain information collected over the 
time. In this case study, the values are grouped per months, forming vectors of 
ordered samples where each position represents the value of a certain month. 
Such modeling is known as a time series. 
 
The MP has incorporated some BI systems in the lasts years, most of them 
using the open source Suite Pentaho, which includes the functionalities of data 
integration, OLAP services, reporting, dash boarding, data mining and ETL 
capabilities. 
 
The Suite Pentaho includes also the package Waikato Environment for 
Knowledge Analysis (WEKA). Developed by the University of Waikato, in New 
Zealand, the WEKA workbench contains a collection of visualization tools and 
algorithms for data analysis and predictive modeling, together with a graphical 
user interface. WEKA is fully implemented in Java and distributed under the 
GNU General Public License.  
 
Although WEKA offers several algorithms for predictive analytics and pattern 
classification, its usage is restricted to technical users who are able to set up 
the algorithms and to apply them to the data. 
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Therefore, the usage of WEKA entails an important limitation of Pentaho, since 
WEKA is not accessible to the managers without technical knowledge. 
 
The main purpose of this master’s thesis is to solve this limitation existent on 
Pentaho. We propose a plug-in for Pentaho, which apply, in a transparent way, 
the predictive analytic functions. By incorporating these functionalities to the BI 
system of the MP, the managers have more information for making decisions 
and, therefore, they can execute their functions in a more efficient way. 
 
In WEKA and in the literature there are several algorithms and methods for 
implementing the predictive functionalities desired for this project. Due to that, 
the first step required is to study and test the performance of these algorithms. 
In this project, the algorithms considered are the Artificial Neural Networks 
(ANN) and the Autoregressive Algorithms (ARX). These algorithms can have 
different configurations, and the optimal one may be different for each kind of 
data. This optimal configuration is normally obtained empirically. Thus, a set of 
tests should be done in order to discover which is the best configuration for the 
different parameters of the algorithms. 
 
There are different mathematical and data mining softwares that offer prediction 
functionalities. In this project, two programs have been considered for 
implementing the prediction algorithms: WEKA and MATLAB. WEKA, as 
defined before, is an open source program for data mining and predictive 
analytics. On the other hand, MATLAB is a numerical computing environment 
and fourth-generation programming language developed by MathWorks. The 
tests are done using both programs in order to validate the results and select 
the best option for implementing the prediction plug-in for Pentaho. 
 
Another important issue is the evaluation of the results. Due to the fact that the 
predictions are annual, but expressed in months, the resulting prediction is a 
vector of twelve positions, where each value represents a month. Thus, a 
method for comparing two vectors in order to detect how similar they are is 
required. In this project, the use of two indicators, the Normalized Root Mean 
Square Error (NRMSE) and the Coefficient of Determination (COD), is 
proposed. 
 
Finally, the system should work properly for all the indicators. As explained 
before, the optimal configuration of the predictive algorithms may vary 
depending on the data for which it is applied. For this reason, an iterative 
algorithm, based on NRMSE and COD, able to test different configurations for 
each indicator automatically, is proposed here.  
 
In summary, the objectives of this project are the following: 
 

 To study the different algorithms for time series prediction present on the 
literature. 

 

 To study the performance of MATLAB and WEKA for implementing these 
algorithms. 
 



  

 To study the viability of the algorithms and softwares for implementing a 
time series predictor using the data of the MP. 
 

 To propose a useful method for determining the quality of the predictions. 
 

 To propose a system for fraud detection in time series using a time series 
predictor. 
 

 To propose and implement a solution for including predictive analysis on 
the Suite Pentaho. This solution is devoted to the MP managers, 
therefore, should be as intuitive as possible and the technical and 
mathematical parts should be transparent for the user. 

 
Besides the mentioned contributions, during this master's thesis, other results 
have been achieved. Since these results are not the focus of this work, we 
summarize them as follows. 
 
In [2], the usage of the ontology indexation process via concept maps to 
generate evidences of irregularities in payrolls of the MP is proposed. The 
proposal uses audit indicators as instrument for documental argumentation, 
allowing following the data from the moment in which it is provided and 
structured. 
 
In a similar way, the use of concept maps in the ontology step during the BI 
system construction process is proposed in [5]. The proposed methodology 
makes the implementation of the BI system faster and reduces the time and 
complexity of the validation process. 
 
In a different kind of application, two papers propose the use of state-of-the-art 
Model Order Selection (MOS) schemes for automatically detecting malicious 
traffic on the data collected by a honeypot. In [3], the use of the Modified 
Exponential Fitting Test (M-EFT) applied to the data collected by a single 
honeypot is proposed, while in [4] this proposal is improved for the case of a 
honeypot network, when the use of the algorithms R-D Akaike and R-D 
Minimum Description Length is more suitable. 
 
The remainder of this master’s thesis is organized as follows. In Chapter 1, a 
review of the basic concepts on time series analysis is exposed. The Chapter 2 
contains a theoretical analysis of the algorithms used for time series prediction. 
In Chapter 3, the tests and results of the case study for the MP are presented. 
Finally, the conclusions of this project and the possible future works are drawn 
on Chapter 4. 
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CHAPTER 1. THEORETICAL FOUNDATION 
 
The objective of this chapter is to establish a theoretical foundation of the main 
concepts and algorithms used in this project. First, some basic concepts on time 
series analysis are defined. Then, the algorithms used in this case study are 
analyzed and, finally, the parameters used for measuring the quality of the 
predictions are explained. 
 

1.1. Time Series Prediction 

 

1.1.1. Basic concepts: mean, variance and stationarity 

 

Time series 

 
A univariate time series is a sequence of measurements of the same variable 
sequentially collected over time.  Most often, the measurements are made at 
regular time intervals. Depending on the kind of information contained on the 
time series, the time intervals can be different. For example, for some 
geological process the time intervals may be centuries, while for some 
biological activity the measurement interval can be seconds.  
 
In this project we will analyze several time series corresponding to different 
indicators used by the Federal Patrimony Department (in Portuguese Secretaria 
do Patrimônio da União, SPU). The SPU is a department of the Brazilian 
Ministry of Planning, Budget and Management (MP), and its mission is defined 
as: 
 
“To know, watch and ensure that each property of the Union fulfills its 
socioenvironmental function in harmony with its tax collecting function in 
support for the strategic programs for the Nation.” 
 
One of the indicators used in the case study of this work is the number of official 
trips done by the ministry employees each month. In this case, the data goes 
from 2006 up to 2010 and is expressed in months. As in the previous case, the 
data is modeled assuming a random variable    where each value of n for n = 1, 

… , 12 represents the number of official trips done in each month of 2006, the 
values of n for n = 13, … , 24  represents the number of official trips in the 
months of 2007 and so on. We will refer to it as Scenario 1. 
 



  

 

Fig.  1.1 Quantity of official trips per month in SPU (Scenario 1) 

 
 
The second indicator used for the case study presented in this project is the tax 
collection in the SPU. This data is also expressed in months and starts on 
January 2005 and goes up to December 2010. To model this data, we assume 
a random variable    with the costs of each month, where for n = 1, … , 12 

indicates the months of the first year, for n = 13, …, 24 indicates the months of 
the second year and so on. This data will be from now on called Scenario 2. 
 

 

Fig.  1.2 Tax Collection per month in the SPU (Scenario 2) 

 
The first step on a time series analysis process is always to plot the data and 
make a first study by visual inspection. If we look at Figure 1.2, the mean value 
is increasing with time. Therefore, there is a trend component in this time series. 
Also, we can detect a repeated pattern each year, due the months have smaller 
values at the beginning and the end of the year, while the values are higher at 
the middle of the year. Finally, in all the years there are some peaks or 
outcomes at the end of the first and second semester. This is because the SPU 
tries to collect the delayed payments before the end of the semester. 
 
 

Mean, Covariance and Variance 

 

The expected value of a discrete random variable       is defined as the 
weighted average of all the possible values that the variable can take on. It is 
defined as: 
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      (1.1a) 

 

where    represents the probability of the outcome   . 
  
In practice, only a limited number of samples are available and, normally, the 
probabilities for each event are unknown. Therefore, in most cases the 
expected value is approximated by the mean value. 
 
 

          
 

 
    

 

   

   (1.1b) 

 
where N represents the total number of samples. 
 
Another basic statistical parameter to characterize a time series is the 
covariance. This parameter measures how much two random variables x and y 
change together.  
 
 
                                         (1.2) 
 
 
The variance is the special case of the covariance where, instead of comparing 
two different variables, we compare two identical variables: 
 
 
                                                

 
   (1.3) 

 
 
If we substitute the expectation operator by the definition in (1.1b), where the 
expected value is approximated by the mean value, we obtain 
 
 
 

      
 

 
           

 

   

   (1.4) 

 

Autocorrelation Function (ACF) 

 
From a statistical point of view, the term correlation is referred to any broad 

class of dependence between two random variables or sets of data. Let    and 
   be two random process where   represent the different realizations or time 
instants. Then, the correlation between these two processes can be calculated 
with the Pearson’s Product-Moment Coefficient: 
 



  

 
 

                
        

        
 

      

        
   (1.5) 

 
 

The result of (1.5) will be 0 if    and    are completely uncorrelated. The 
maximum and minimum values will be +1 and -1 respectively, where the first 
case indicates positive (or increasing) correlation and the second case indicates 
negative (or decreasing) correlation. The rest of the values will indicate a certain 
degree of positive or negative correlation. 
 
In a similar way to the correlation, the autocorrelation function (ACF) describes 
the correlation between the values of a random variable at different time 
instants. Although various estimates of the ACF exist, in this work the form 
presented by Box, Jenkins and Reinsel in [8] is adopted. The value of the ACF 
for a certain lag value  can be defined as 

 
 

      
            

       
   (1.6) 

 
 
If we assume that the random process is wide sense stationary and we 
substitute the definition of the covariance in (1.2), then we can rewrite (1.6) as 
 
 
 

      
                            

  
  

   (1.7) 

 
 
And replacing the equation (1.1) in (1.7), we obtain 
 
 
 

      
                         

   

   
 

  
  

   (1.8) 

 
 

where  represents the lag and its value should be in the range       . 
 
As it can be observed in (1.8), the sample autocorrelation function (ACF) 
measures the statistical relationship between different observations in a single 
data series. A very useful way to analyze these relations is to plot the values 
and make a visual inspection. 
 
In our case study, we have computed the autocorrelation of the Tax Collection 

time series using MATLAB. The Figure 1.3 shows the ACF with        . 
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Fig. 1.3 Autocorrelation Function (ACF) with h=36 for the Tax Collection data series 

 
In Figure 1.3 the values of the correlation coefficient for different values of lag. It 
represents how much the values of the time series are correlated with the past 
values at different lags.  
 
The blue lines in Figure 1.3 are called the confidence bounds, and determine if 
the correlation from a certain lag is random or not with a 95% of confidence. 

The approximate calculation that is normally used for these values is  
 

  
, 

being   the maximum number of samples considered on the time series.  
Therefore, the values that are higher than the confidence bounds can be 
considered significant values; while those lags that presents a correlation below 
the confidence line we will be considered as uncorrelated.  
 
Thus, we can conclude from the Figure 1.3 that a lag value equal to 12 is the 
one with more correlation.  
 
In order to show, in a visual way, the meaning of the value of the ACF for 

different lags, it is useful to plot various      values (for         ) against the 

reference observations   . For example, in Figure 1.4, the correlation between 
the original time series and the 1 position-delayed series is shown.  



  

 

Fig. 1.4 Original against lag-1 time series 

 
In Figure 1.4, there is a pattern, since the samples with small values are less 
spread than the samples with great values. Near to the origin, the values seem 
to increase in a similar way, showing some positive relationship. However, 
when the values become higher, they are more spread out, and the linear 
pattern of the beginning is lost. Intuitively, we could say that probably there is 
some correlation between these two time periods, but not so important. It 

agrees with the value of the ACF for    , in Figure 1.3, where the value of the 
function is slightly higher than the confidence bands. 
 
In a similar way, in Figure 1.5 there is a plot of the reference time series against 
the 2 position delayed time series. 
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Fig. 1.5 Original against lag-2 time series 

 
In this case, the values seem to be spread out in a random way, without any 
pattern or correlation between the two time series. Such absence of correlation 
is also represented on the ACF in Figure 1.4, where the value of the function for 

    is below the confidence boundary. 
 
Unlike Figure 1.4 and Figure 1.5, Figure 1.6 shows a high degree of correlation 
that can be observed by visual inspection. In this figure, the reference time 
series is plotted against a 12 position-delayed time series. 



  

 

Fig.  1.6 Original against lag-12 time series 

 
The high correlations that can be observed in Figure 1.6 corresponds to the 

higher value on the ACF, which is the case of     . 

 

Stationary time series 

 
In a formal definition, a strictly stationary stochastic process is one where given 

        the joint statistical distribution of           is the same as the joint 
statistical distribution of               for all   and  . This is an extremely 
strong definition: it means that all moments of all degrees (expectations, 
variances, third order and higher) of the process, anywhere are the same. It 

also means that the joint distribution of (     ) is the same as (         ) and 

hence cannot depend on   or   but only on the distance between   and  , i.e. 
    [9]. 
 
Since the definition of strict stationarity is generally too strict for everyday life, a 
weaker definition of second order or weak stationarity is usually used. Weak 
stationarity means that the mean and the variance of a stochastic process do 
not depend on n (that is they are constant) and the autocovariance between    

and      depend only on the lag   (  is an integer, the quantities also need to 
be finite). Thus, a time series {  , n = 0, 1, 2, …} is said to be stationary if their 
statistical properties are the same or very similar to those of the time series at 
any other time instant {            } for each integer h  [10]. 
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1.1.2. Time Series Analysis: Trend and Seasonal components 

 
The time series can be described by means of four elements or components: 
the Trend (T), the long term Cycle (C), the Seasonal component (S) and 
Irregular component or outliers (I). However, not all of them are always present 
in a time series, and they can be related them through different decomposition 
models. These elements can be defined in the following way: 
 

 There is a trend (T) when, on average, the measurements tend to 
increase or decrease over time. 

 
 There is a cycle (C) if exists a long-run cycle or period unrelated to 

seasonal factors. 

 
 There is a seasonal component (S) if it is possible to find a regularly 

repeating pattern of highs and lows related to the calendar, such as 
seasons, quarters, months, etc. 

 
 There are irregular components or outliers (I) when there are abrupt 

variations present on the time series that cannot be explained according 
to the previous definitions. 

 
In order to choose an appropriate decomposition model, a graphical analysis of 
the time series is suitable. In this way, the analyst will examine a graph of the 
original series and try a range of models, selecting the one which yields the 
most stable seasonal component. If the magnitude of the seasonal component 
is relatively constant regardless of changes in the trend, an additive model is 
suitable. If it varies with changes in the trend, a multiplicative model is the most 
likely candidate. However if the series contains values close or equal to zero, 
and the magnitude of the seasonal component appears to be dependent upon 
the trend level, then pseudo-additive model is most appropriate. 
 

 

The Trend. Linear Regression. 

 
The linear regression is a method that determines the straight line that fits better 
the data in terms of squared error. Given a dataset    where n = {1, 2, …, N}, a 
linear regression model assumes that the relationship between the dependent 

variable    and the independent variable   is linear. 
 
The expression for the linear regression is 
 
              (1.9) 
 
 
The coefficients of the equation can be calculated as 
 



  

 
 

   
         

       
 

       
 
        

 
       

 
   

     
  

         
 
     

   (1.10) 

  

                
 

(1.11) 
 
 
In Figure 1.7, the blue line represents the original time series of Scenario 2, 
while the red line represents the trend of the data. The trend has been 
computed with the software MATLAB (see Appendix B). 
 
 

 

Fig.  1.7 Trend and original time series of Scenario 2 

 
 

Seasonality 

 
Seasonality is a periodic and recurrent pattern caused by factors such as 
weather, holidays, repeating promotions, as well as the behavior of economic 
agents [11]. 
 
In other words, a seasonal effect is a systematic and calendar related effect. 
Some examples include the sharp escalation in most Retail series which occurs 
around December in response to the Christmas period, or an increase in water 
consumption in summer due to warmer weather. Other seasonal effects include 
trading day effects and moving holidays. The number of working or trading days 
in a given month differs from year to year which will impact upon the level of 
activity in that month, while the timing of holidays such as Easter varies, so the 
effects of the holiday will be experienced in different periods each year. 
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In the case study presented in this project, concretely on the Scenario 2, it is 
possible to identify a clear seasonal component, being the lasts months of each 
semester the ones with more tax collection.  
 
In order to identify the stable seasonal component, the first step is to detrend 
the data. In this case, a 13-term moving average filter is used, because the 
period of the time series is 12, as it can be observed on the ACF. Then, we 
apply a stable seasonal filter to the detrended series. With this filter, we average 
the detrended data corresponding to each period. That is, average all of the 
January values (at indices 1, 13, 25,...,61), and then average all of the February 
values (at indices 2, 14, 26,...,62), and so on for the remaining months. Finally, 
the resulting seasonal estimate is centered in order to fluctuate around 0. 
 
Using MATLAB it is easy to identify the seasonal component, which is shown in 
Figure 1.8 (see Appendix B). 
 

 

Fig.  1.8 Seasonal component in Scenario 2 

 
Figure 1.7 and Figure 1.8 represent the stable components of the data series in 
Scenario 2, formed by the Trend and the Seasonal components. The Trend 
shows that the mean value of the time series in Figure 1.2 is increasing in time, 
while the seasonal component shows that there is a clear pattern repeated each 
year, where at the end of the first and second semester of each year is where 
the tax collection is higher. 
 
A part of the Trend and the Seasonal component, there are Outliers that makes 
each year different from the previous one and that cannot be detected or 
predicted by this method. 



  

1.2. Artificial Neural Networks 

 
This section contains a theoretical overview about Artificial Neural Networks 
and how they are used in the case study presented in this project. 

1.2.1. Introduction to Artificial Neural Networks 

 
An Artificial Neural Network (ANN) is a computational model that is loosely 
based on the neuron cell structure of the biological nervous system. In most 
cases a ANN is an adaptive system that changes its structure based on external 
or internal information that flows through the network during the learning phase. 
ANN have a potential for intelligent systems because they can learn and adapt, 
they can approximate nonlinear functions, and they naturally model 
multivariable systems [12]. 
 
An ANN is composed of neurons. These neurons are grouped in layers, where 
the last one is called the output layer, and the previous ones are called hidden 
layers. The connection of the neurons can be done in different ways, originating 
different kinds of ANN. In this work, we will focus on Feed-Forward Networks, 
which are the most widely used for time-series prediction [13] [14] [15]. 
 
 

1.2.2. Multi-Layer Perceptron 

 
In Feed-Forward Networks, the information travels only in one direction, from 
the input to the output, without any feedback or horizontal connection between 
neurons. The most commonly Feed-Forward Network used is the Multilayer 
Perceptron (MLP), where all the neurons of a layer are connected to all the 
neurons of the following layer. The Figure 1.9 shows an example of MLP. The 
network has three inputs, four units in the first layer, which is called hidden 
layer, and one unit in the second layer, which is called the output layer. 
 

 
Fig. 1.9 A two-layer feed-forward Neural Network. 
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As depicted in Figure 1.9, the network receive the input vector   . Each element 
of the input vector is connected to all the neurons in the hidden layer. In the 
hidden layer, each neuron assigns a certain weight to each input.  According to 

that, we can define the weight matrix  , containing all the weights for every 
layer connection. 
 
 

 
        

                       

                      

                      

    (1.12) 

 
 
Where the column indices on the elements of matrix         indicate the source 

neuron in the previous layer, and the row indices indicate the destination for that 
weight in the current layer l. Thus, the indices in        refers to the weight 

connecting the second element of the previous layer, which in the example 
above is the input vector, with the first element of the actual layer l. 
 
It is considered that the weights that the neurons assigns to their inputs 
represents the knowledge of the networks, due that these weights will define 
how important is a certain input. 
 
Taking into account the inputs and the weights, each neuron generates an 
output. This output will also depend on the activation function of the neuron h(), 
defined later. The Figure 1.10 shows a neuron model in detail. 
 
 

 
Fig.1.10 Schematic representation of a neuron. 

 
The output produced by the c neuron of the l-th layer,         can be calculated 

as 
 
 

                     (1.13a) 

 
 
where 
 
 



  

 
                                   

 

   

   (1.14) 

 
 
where   is referred to the iteration or to the input pattern,           is the output 

generated by the neuron p of the previous layer l-1,           is the weight that 

connects the neuron p of the previous layer with the neuron c in the current 

layer and         is the bias for the neuron c. It is also possible to write the 

equation in the matrix form: 
 

                             (1.13b) 

 
 
The Figure 1.9 shows how           and         are used in the network. 

 
It is evident from (1.13a) and (1.13b) that the output generated by a neuron will 
depend on its activation function. Neurons can have different activation function 
in the same network, the more common being the sigmoid function for the 
hidden layers and the linear function for the output layers. This is also the 
configuration used in this study. We can define the activation functions 
           for the output layer and            for the hidden layers as 

 
 

                               (1.15a) 

 
                    

   

        
                 (1.15b) 

 
 

In both cases,    and    are constants. The derivatives of the previous 
equations are: 
 
 

   
                                  (1.16a) 

   
                   

  

    

    
             (1.16b) 

 
 
In order to build an ANN, several neurons as the one shown in Figure 1.10 can 
be interconnected. 
 
Once the first output of the network is defined, the network should be able to 
learn in order to behave as expected, modifying the weights for each input. 
There are two ways for making the network learn: supervised or unsupervised 
learning. 
 
In SUPERVISED Learning a training dataset with the labeled response is given 
to the classifier. The classifier is trained for obtaining ‘best’ results in the training 
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dataset and we suppose that the system will have good generalization 
properties for non-trained inputs. 
 
In UNSUPERVISED Learning the classifier is given a set of samples and we 
don’t know the classes a-priori. The algorithm has to learn the classes in the 
data-set. 
 
Also, inside these two groups, many different learning algorithms have been 
developed. In this study, the backpropagation learning algorithm, which is a 
specific implementation of supervised learning, is considered. 
 

1.2.3. Learning process: Backpropagation algorithm 

 
Backpropagation is a common method for training artificial neural networks so 
as to minimize the objective function. The term is an abbreviation for "backward 
propagation of errors". To make meaningful forecasts, the neural network has to 
be trained on an appropriate data series. Examples in the form of <input, 
output> pairs are extracted from the data series, where input and output are 
vectors equal in size to the number of network inputs and outputs, respectively. 
A detailed description of the Backpropagation algorithm can be found on [16]. 
 
The error of the output is measured as: 
 
 

                           (1.17) 

 
 
Also, we define the error energy E(k) as 
 
 

 
       

 

 
   

    

 

   

                  (1.18) 

 
 
where         is the error at the output of the neuron c in the current layer l.  

 
In order to minimize the above objective function, the backpropagation 
algorithm uses a steepest descent updating, with the gradient calculated from 
the output layer to the input layer. The main equations of the process are 
presented below. 
 
The weights will be updated according to the value of        : 

 
 

 
               

      

       
                 (1.19) 

 
 



  

Developing the equation (8), we obtain: 
 
 

                           
 
                           (1.20) 

 
 
Where   is the learning rate,         is the error at the output of the neuron c in 

the current layer l and           is the output of the neuron p in the previous 

layer l-1. 
 
If we define de local gradient         as 

 
 

           
      

      
       

                      (1.21) 

 
 
Then, it is possible to write (1.21) as 
 
 

                                (1.22) 

 
 
For the output layer, the local gradient can be easily computed as well as obtain 
directly the error term from (1.17). For the case of hidden layers, the local 
gradient can be obtained by deriving the equation (1.21). The expression of the 
local gradient for the hidden layers is 
 
 

 
           

                                 

 

   

  (1.23) 

 
 
Where n indicates the neuron unit in the next layer l+1,           is the local 

gradient of the next layer l+1,            is the weight connecting the c neuron of 

the layer l with the n neuron of the layer l+1. 
 
Once the local gradient is computed, the increment of the weights can be 
calculated with (1.22). The weights of the network in the next iteration of the 
training process will be updated according to (1.24): 
 
 

                                     (1.24) 

 
 
The Figure 1.11, following the example on Figure 1.9, shows how the 
Backpropagation Algorithm works. 
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Fig.1.11 Example of Backpropagation algorithm. 
 
In Figure 1.11, the error term is computed at the output of the network and it 
allows calculating            fot the output layer neurons. Then, the error is 

propagated backwards by computing the local gradient           and multiplying 

by the weight connecting to the previous layer neurons. This weight is            
in the example above. 
 
 

1.2.4. Training process 

 
As exposed along this master’s thesis, one of the most important points that 
determine the performance of an ANN is the training process. In order to select 
the best configuration for the training process, different tests have been done. 
Also, different types of ANN have been tested (see Appendix). 
 
Figure 1.12 represents the best configuration found for training the ANN. As 
shown in the figure, the data is separated by months, so that for making a 
prediction of one month only the past samples of the same months are used.  
 



  

 

Fig.  1.12 Training process for the ANN 

 
 
In Figure 1.12, the training and testing process for the Scenario 2 is 
represented. The input vectors contains three elements, and there are only 
twelve different input patterns for training the network (one per month), which is 
a really small number for training the network. In order to make a prediction, the 
algorithm should be executed twelve times, one for each month. 
 

1.3. Autoregressive Algorithms 

 
Also, a part of NN, some implementations of the autoregressive algorithms (AR) 
models have been considered. As well as with ANN, an overview of these 
models is exposed below. 
 
In temporal series, the Auto-Regressive (AR) model is defined in a way that the 
variable of interest at time t is expressed as a sum of the samples of the same 
variable as is shown below: 
 
 
 

             

 

   

           
(1.25) 

 
 

where   represents the number of steps, also known as the model order,    is 

the coefficient corresponding to the  -th past sample and    is the stochastic 
error component. The equation (1.25) can be also written in the matrix form: 
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            (1.26) 

 

 

For determining the coefficients  , the Yule-Walker method has been used. 
This method is based on the direct correspondence between the coefficients 
and the covariance function of the process. In this way, for each time instant it is 
possible to define an equation as (1.27) 
 
 

                 

 

   

   (1.27) 

 
 
The equation (1.28) is the matrix representation of (1.27). Therefore, it can be 

verified in (1.28) that it is possible to obtain the coefficients    by multiplying by 
the inverse of the covariance matrix from the left side. It is possible to define up 

to   equations in order to determine all the coefficients: 
 
 

 
 
 
 
 
     

     

     
 

      
 
 
 
 

 

 
 
 
 
 

     
     
     

 
       

      
     
     

 
       

      
      
     

 
       

 
 
 
 
  

 
 
 
 

 

 
 
 
 
 
  

  

  

 
   

 
 
 
 

   (1.28) 

 
 
The equations in (1.28) can be solved using the symmetry of the ACF, which 

implies that              . 
 
A detailed mathematical analysis of the Yule-Walker equations can be found in 
[17]. 
 
The AR algorithms should be executed many times with the well-known data in 

order to adapt the value of the coefficients  . Only when the value of these 
coefficients is adjusted, a real prediction can be done. In the case study 
presented in this dissertation, the objective is to make a prediction of the lasts 
twelve months of both scenarios. 
 
Unlike the ANN, two different configurations have been considered. In the first 
case, the time series is divided in months and only the past sample of a certain 
month is used for making a prediction of this month. In a second case, all the 
past samples of all the month are used as a sequence. Also, the optimal value 

of the model order   has been tested empirically. 
 
 
 



  

1.4. Other techniques 

 
Most of the existing models for time series forecasting only take into account 
the data in the forecasted time series itself. In general, the approaches for time 
series forecasting can be classified in: 1) econometric models, such as the 
Autoregresive Models (AR), Vector Autoregression (VAR), etc., which tries to 
detect linear correlation on the time series; 2) nonlinear dynamics models, 
including ANN or Genetic Programming (GP), which normally have a better 
performance but also has some limitations such as local minima problems or 
sensitivity to the configuration of the algorithm and the initial conditions, as is 
exposed in this dissertation. 
 
New researches in this field have been developed in order to solve the 
limitations aforementioned.  
 
In this way, [18] pointed out that most financial time series were long-memory 
processes and proposed to use historical pattern matching for improving the 
predictions. Also, the long-term memory systems forecasting methods can be 
improved if other related source data series are used. This can be done using a 
transfer learning technique [19]. 
 
Another interesting study can be found in [20]. In this case, the study combines 
transfer learning technique with a pattern matching forecast method analog 
complexing (AC) and genetic algorithm, and constructs a transfer learning 
based analog complexing model (TLAC) for crude oil price forecasting. 
 
In this project, the above mentioned algorithms in this section have not been 
implemented. However, it is interesting to consider these research lines for 
future works. 

1.5. Evaluation methods 

 
When a prediction is done, it is normal and useful to plot the predicted and the 
expected series, in order to compare them by visual inspection. This gives us a 
subjective evaluation of the results. However, it is much more desirable to have 
a more quantitative measure of how good the prediction is [21]. For this reason, 
in this study two indicators are considered:  

 
 A normalized Root Mean Square Error 

 
 
 

        
 

 

         
  
    

        
    

   (1.29) 

 
 
 
 

 Coefficient of determination 
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    (1.30) 

 

In both equations,          are referred to the actual or real values and vector 
respectively, while          are referred to the predicted values and vector. In 
the first case, the optimum value would be NRMSE = 0, while for the second 

case we desire        
 
In general, the measurement of the NRMSE is the most used manner for 
computing the goodness of a prediction. The NRMSE gives us an idea about 
how the two time series are similar on the mean value. However, in this project 
the objective is to make predictions of a complete year with a resolution of 
months. Thus, to know that the mean value of the two series is similar is not 
enough information, due to the fact that the mean values can be very similar but 
not the values of each month separately.  
 
Therefore, we need also to consider the shape of the predictions before saying 
if a prediction is good or not. In order to make this comparison, we use the 
COD, which provides information about how the variance of the two series is 
similar. 
 
As exposed in the Case study section, the use of these two indicators is needed 
for making a useful comparison between the prediction and the real values.  
  



  

CHAPTER 2. CASE STUDY: TESTS AND RESULTS 
 
In this chapter, a case study using the data of the MP is presented. The 
objective is to compare the performance of different algorithms and its possible 
configurations in order to obtain a prediction with the maximum accuracy. Then, 
we know if it is possible to use some of these algorithms for implementing a 
prediction system that can be used for helping the decision making. 
 
The tests have been done using two different data series, corresponding to two 
of the indicators used on the MP.  According to that, the tests are divided in two 
scenarios, called Scenario 1 and Scenario 2. First, the data corresponding to 
the Scenario 1 represents the number of official trips per month of the civil 
servants, while the data used in Scenario 2 contains the amount of tax 
collection per month by the MP expressed in BRL. 
 
Moreover, the tests have been done using two different softwares: MATLAB 
and WEKA. The first one is a well known powerful mathematical software 
developed by MathWorks, while the second one is an open source suite of 
machine learning algorithms developed by the University of Waikato (New 
Zealand). 
 
The results of these tests are exposed in the following sections. 
 
 

2.1. Scenario 1 

 
In the Scenario 1, as explained before, the tests done using the number of 
official trips per months of the civil servants are presented. First, we present the 
results obtained with the MLP algorithm and next we present the results using 
ARX. 
 

2.1.1. Algorithm: Multilayer Perceptron 

 
In order to select the best configuration for the neural network several tests 
have been done varying the number of layers and the number of neurons per 
layer. The results are compared using the two indicators presented in the 
previous sections: the NRMSE and the COD. 
 
The following graphs represent the value of the NRMSE and COD for different 
number of neurons in each layer, considering the cases of 2-layer, 3-layer and 
4-layer MLP. 
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Fig.2.1 NRMSE and COD for a two-layer MLP 

 

 
Fig. 2.2 NRMSE and COD for a three-layer MLP 

 
  

 
Fig. 2.3 NRMSE and COD for a four-layer MLP 

 
In order to make a useful interpretation of the results, we need to consider the 
value of both indicators. This is due to the fact that the NRMSE makes a 
comparison between the mean values of both time series. However, this 
information is not enough, due to the fact that we are working with a resolution 
of months, not years. 
 
For this reason, we also use the COD as an indicator of the quality of the 
prediction. The COD considers the variances of the time series and, therefore, 
indicates how the shape of the prediction is similar to the real data. 



  

 
Hence, by analyzing the previous curves, we note their caothic behavior. This is 
probably the main problem that Neural Networks researchers have to deal with. 
Neural Networks are considered as universal approximators, having the 
capacity to provide different patterns and tendencies without preprocessing the 
data. However, the performance of a Neural Network is extremely dependent on 
its configuration. For instance, the performance can be very good or really bad 
varying only one neuron in a certain layer. The optimal configuration will vary for 
every kind of data. 
 
The following curves show some of the relevant results of the predictions, 
comparing the predicted values with the real ones. In each graph, the notation 
indicating different numbers in a parenthesis means the number of neurons per 
layer, starting from the input layer. Therefore, the quantity of numbers 
represents the number of layers. In this way, the notation (1-1) MLP means that 
2-layer MLP with one neuron in the hidden layer and one neuron in the output 
layer is used. 
 

 

Fig. 2.4 MATLAB. (1-1) MLP. NRMSE=0.03, COD=0.59. 

 

 

Fig. 2.5  WEKA. (1-1) MLP. NRMSE=0.09, COD=0.59. 

 
In previous graphs we can observe a good result for the predictions done using 
a 1-1 MLP structure. This shows that in cases like this one, where only a few 
number of samples is available for training the network, a very simple structure 
for the Neural Network can be a good option, since it can converge very fast to 
an acceptable solution. 
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Fig. 2.6 MATLAB. (3-1) MLP. NRMSE=0.11, COD=0.07. 

 

 

Fig. 2.7 WEKA. (3-1) MLP. NRMSE=0.22, COD=-0.27. 

 
The Figure 2.6 and the Figure 2.8 are very useful to see the relevance of the 
COD. In the Figure 2.6 the prediction can be considered as a good result due 
the value of NRMSE = 0.11, while in Figure 2.8 the result would be not so good 
with a NRMSE = 0.14. However, by simple visual inspection it is possible to see 
that the result in Figure 2.6 is not very accurate and the prediction shown in 
Figure 2.8 is much better. This can be also distinguished by the COD, which 
has the values of 0.07 in the Figure 2.6 and 0.59 in Figure 2.8, indicating that in 
the second case the result is much better. 
 

 

Fig. 2.8 MATLAB. (4-1) MLP. NRMSE=0.14, COD=0.52. 

 



  

 

Fig. 2.9 WEKA. (4-1) MLP. NRMSE=0.16, COD=0.30. 

 
In Figures 2.8 and 2.9 it is possible to observe how Neural Networks are able to 
make good predictions in this scenario. The values of NRMSE and COD 
indicate that the predictions are accurate, and this can be also observed by 
visual inspection. At the same time, the difference of these results with the 
previous cases denotes the chaotic behavior of Neural Networks when varying 
its structure.  
 

 

Fig. 2.10 MATLAB. (3-4-4-1) MLP. NRMSE=0.15, COD=.0.26. 

 

 

Fig. 2.11 WEKA. (3-4-4-1) MLP. NRMSE=0.33, COD=-0.48. 

 
Finally, Figure 2.10 and Figure 2.11 show the tendency of the Neural Network 
to create more planar-shaped predictions when the number of layers and the 
number of neurons is increased. This can be explained by the low number of 
samples used for training the network. If we use a more complex configuration, 
the Neural Network has no time for properly update the weights with a reduced 
number of samples. 
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In general, the previous results show that is possible to obtain accurate results 
for predictions in the Scenario 1 using a Neural Network. Of course, the values 
of the NRMSE and COD will be considered valid or not depending on the 
application. In the case study presented in this study, the values of NRMSE < 
10% and COD > 0.60 are considered as good results. 
 
 

2.1.2. Algorithm: Autoregressive Algorithm 

 
As well as in the previous case, different tests have been done in order to select 
the best configuration. In this scenario, the bests results have been obtained 
using the pasts months sequentially, without separating the different months. 
 
The most important parameter to be defined in the Autoregressive Algorithm 

(AR) is the model order  . The optimal value for the model order is     and 
has been obtained empirically. 
 

 
Fig. 2.12 Prediction and error using ARX with all the months and p=4. 

NRMSE=0.37, COD=-0.02. 
 
 
Figure 2.12 shows the result of the best prediction obtained using AR. Looking 
at the values of NRMSE = 0.37 and COD = -0.02 and also by simple visual 
inspection it is possible to observe that the results are clearly worst that the 
ones obtained with Neural Networks. 
 
Figure 2.13 compares the real values with the bests results obtained with 
Neural Networks and AR.  
 
 



  

 
Fig. 2.13 Comparison of the results using RNA and ARX. 

2.2. Scenario 2 

 
In this section, the performed tests using the Tax Collection data are exposed. 
Similarly to the previous case, first, results obtained with the MLP algorithm are 
presented and next we present the results using ARX. 
 
 

2.2.1. Algorithm: Multilayer Perceptron 

 
In a similar way to the Scenario 1, for discovering the optimal configuration for 
the Neural Network, several tests has been done varying the number of layers 
and the number of neurons per layer.  
 
The following graphs represent the evolution of the NRMSE and COD for 
different number of neurons in each layer, considering the cases of 2-layer, 3-
layer and 4-layer MLP. 
 

 
Fig. 2.14 NRMSE and COD for a two-layer MLP 
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Fig. 2.15 NRMSE and COD for a three-layer MLP 

 

 
Fig. 2.16 NRMSE and COD for a four-layer MLP 

 
 
In this case we can observe a lower performance than in Scenario 1. In the 
case of WEKA, the values are quite constant and there is only one case where 
it is possible to find a NRMSE below of 20% (10-15-10-1 MLP). In the case of 
MATLAB, the values vary a lot, without being possible to indentify a clear 
tendency. Even so, in the case of the structure 4-1 MLP the results are very 
good, with NRMSE = 4% and COD = 0.79. 
 
In the following graphs, the more significative results obtained with Neural 
Networks are exposed. 

 

Fig. 2.17 MATLAB. 8-1 MLP. NRMSE=0.04, COD=0.76. 

 



  

 
 

Fig. 2.18 WEKA. 8-1 MLP. NRMSE=0.25, COD=0.56. 
 
In Figure 2.19 and 2.20 it is possible to observe the good results obtained using 
a 8-1 MLP structure, particularly in the case of MATLAB. 
 

 

Fig. 2.19 MATLAB. 3-5-1 MLP. NRMSE=0.2, COD=0.33. 

 

 
Fig. 2.20 WEKA. 10-15-10 MLP. NRMSE=0.14, COD=0.71. 

 
 
In Figure 2.19 and Figure 2.20 can be observed that, unlike the case of 
Scenario 1, in this scenario increasing the number of neurons and layers do not 
have a negative impact on the results nor makes the prediction more planar 
shaped.  
 
However, looking at all the results and as it can be observed by visual 
inspection, the best result obtained is in the case of 8-1 MLP. 
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2.2.2. Autoregressive Models 

 
In Scenario 2, the AR algorithms present better results than in the case of 
Scenario 1. The following graphs show the most significative results. 
 
In a first test, the model has been applied to each month separately. It means, 
considering the past samples of January for making a prediction of January, 
using the past samples of February for making a prediction of February and so 
on. With this configuration, the best result was obtained with one past sample 

(   ). 
 

 
 

Fig. 2.21 Prediction and error using ARX, month by month and    . 
NRMSE=0.18, COD=0.85. 

 
 
In another test, the past samples of all the months together are used. In this 

case, the best result was obtained for the case of     . 
 

 
Fig. 2.22 Prediction and error using ARX, considering all the months and 

    . NRMSE=0.17, COD=0.67. 
 
The following graphs shows a comparison between the best predictions with 
Neural Networks and AR algorithms. 
 



  

 
Fig. 2.23 Comparison of the results with RNA and ARX. 

 
In general, in the Scenario 2 it is possible to see an improvement of the 
performance in comparison with the Scenario 1 for the ARX. This improvement 
can be explained by the more linear behavior of the data. However, the results 
with ANN are still much better. 
 

2.3. Analysis of the results 

 
In Scenario 1, the best results obtained presents the values of NRMSE = 2% 
and COD = 0.6, while in Scenario 2 it is possible to find predictions with NRMSE 
= 4% and COD = 0.79. Comparing the performance of the ANN and ARX, it can 
be observed that the first one offers a better performance. 
 
The ARX algorithms show also good results in the Scenario 2, achieving values 
of NRMSE = 18% and COD = 0.85. In Scenario 1, the results are not so good, 
due the nonlinear behavior of the data series. In general, the performance of the 
ARX is worse than the ANN. 
 
From these observations it is possible to conclude that ANN presents a better 
performance, as well as a better adaptation to different kind of data. In this way, 
it constitutes a more general solution. However, due the low number of samples 
for training the network, the ANN shows a very high sensibility to the initial 
conditions. 
 
These conclusions are consistent with [22]. According to the mentioned paper, 
an important advantage of the ANN with respect other algorithms is that the 
ANN are universal approximators that can approximate different kinds of 
functions with high precision. However, the optimal configuration of the network 
will vary a lot depending on the kind of data. 
 
One of the objectives of this project is to develop a predictive module and 
integrate it into a BI system in order to provide these functionalities for the 
managers. For this reason, the limitation imposed for the necessity of 
configuring the ANN for each data series have to be solved, due the fact that 
the managers cannot assume the task of configuring an ANN nor other 
mathematical algorithm. 
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For this reason, in this dissertation we propose the creation of an adaptive 
solution based on Neural Networks able to self-configure itself according to the 
data. It can be done by making different tests for any data series, trying to make 
a prediction of the last known year. The configuration presenting the best result 
will be used for making a prediction of the next unknown year. 
 
With respect to the software, both WEKA and MATLAB have been able to make 
very accurate predictions. The differences on the results for the same data and 
same configuration can be explained by the different manner of initializing the 
algorithm. In this way, we conclude that both softwares are useful for 
implementing a predictor based on a MLP. 
 
Finally, in order to implement a prediction module integrated into a BI tool, the 
software WEKA has been selected. This software has been selected because it 
is distributed under an open source license and is written in Java, which makes 
very simple to extract functions and integrate it into the Pentaho environment. 
 
 
 

2.4. Application to fraud detection 

 

In this chapter the application of the ANN predictor applied for fraud detection 
over indicators that can be modeled as a time series is presented. This proposal 
has been also presented in [1]. 

 

2.4.1. Current approach to fraud detection 

 

Fraud has been very common in our society, and affects private enterprises as 
well as public entities. However, in recent years, the development of new 
technologies have also provided criminals more sophisticated way to commit 
fraud and requires more advanced techniques to detect and prevent such 
events. 

 

One way to detect fraud is to apply statistical fraud detection schemes. In 
general, statistical methods can be classified as supervised or unsupervised. 
The supervised techniques require both fraudulent and nonfraudulent samples 
in order to construct models that allow classifying future behavior patterns. On 
the other hand, unsupervised methods simply seek those accounts, customers 
and so forth which are most dissimilar from the norm. One drawback of most of 
unsupervised techniques is that fraudsters adapt to new prevention and 
detection measures. In this sense, fraud detection needs to be adaptive and to 
evolve over time in order to gradually change their behavior over some period of 
time and to avoid spurious alarms [23].  

 



  

Nowadays there are different types of solutions for facing fraud. Traditional 
statistical classification is still applied with a high detection probability [23] [24]. 
For instance, rule-based methods are classifiers based on a set of conditions 
with the form If{condition},Then{consequence} that represents the behavior of 
the fraudulent actions. Examples of these algorithms are BAYES [23] [25], FOIL 
[23] [26] and RIPPER [23] [27]. 

 

Also, Artificial Neural Networks (ANN) have been applied for fraud detection, 
mainly in the context of supervised classification. In [28], ANN is applied for 
credit card fraud detection. 

 

2.4.2. Proposed solution 

 

In this dissertation, we propose the use of a neural network-based predictor to 
identify possible fraudulent patterns in the Federal Patrimony Department, in 
Portuguese Secretaria de Patrimônio da União (SPU). Our proposed method is 
based on the fact that the artificial neural network (ANN) can be used in the 
recognition of statistical characteristics on a time series and make predictions. 

 

In the case of an ANN classifier, the ANN is used to classify an input into a 
group from a set of predefined groups (for example, fraudulent and 
nonfraudulent). In the case of ANN predictor, the ANN returns the prediction of 
a certain input data. The advantages and the limitations of both systems are 
exemplified through the case study presented below, that uses the tax collection 
data of the SPU.  

 

For our case study, we use data from the SPU starting from 2005 until 2010 and 
divided into months. The simulations try to detect if 2010 is a fraudulent year or 
not based on the predicted data. 

 

We propose the use of ANN prediction algorithms applied to fraud detection in 
time series data. Our ANN makes the prediction and the real results of this year 
are compared with the prediction. If the results presents a great difference with 
the prediction it will mean that this sample should be deeply investigated. As 
shown in our simulations results, the proposed methodology based on ANN 
offers a very high accuracy for predicting time series. 
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Fig.  2.24 Schematic representation of the proposed solution for fraud detection 

 

2.4.3.  Experimental results 

 
In this section, the experimental results are presented. First, we search 
empirically the best ANN configuration, i.e. with best number of neurons and of 
layers, for our data. We find out that the Multi-Layer Perceptron of two layers, 
containing 8 neurons on the hidden layer and 1 neuron on the output layer, 
presents the smallest error.  

 

In Figure 2.25, we apply (7) and (8) to compare the predicted and the actual 
data, and we obtain NRMSE = 4 % and COD = 0.76. Therefore the similarity is 
very high between the predicted and the actual data. Such similarity can be also 
easily visualized. 

 

Once we confirm the good performance of the chosen ANN configuration, the 
real data is corrupted in order to simulate the fraudulent data in the year 2010. 
We corrupt the data by adding a 10 % error distributed over all the months of 
the year. 

 

In Figure 2.26, the real and predicted time series are still very similar. The 
NRMSE = 6% and the COD = 0.86. Depending on the threshold level, this fraud 
could be detected. For instance, if the threshold for the NRMSE is 5 %, the 
fraud is detected, if the threshold is equal to 10 %, the fraud will not be 
detected.  

 

In Figure 2.27, the 10 % error is concentrated on the third month only, the fraud 
becomes visible. In this case, we obtain a NRMSE of 13% and a COD equal to 
0.32. 

 

In Figure 2.28, we divide a 15 % error through four months randomly. First, we 
consider a difference of 15% on the overall year, with the increments divided in 



  

4 months. The NRMSE = 16,8% and the COD = 0.33. Due to the values of 
NRMSE and COD, most probably frauds have taken place in this year. 

 

Another interesting test is presented in Figure 2.29. In this case, there is no 
increase or decrease on the overall value, but a redistribution of the values 
among the year. This anomaly will also be detected using the COD (0.38), while 
the NRMSE (4%) remains the same because the mean value has not been 
modified. 

 

In Figure 2.30, we consider an error due to the fraud leading to a difference of 
20 % distributed randomly in four months. In this scenario, we have obtained 
20% of NRMSE and a COD equal to 0.62. The NRMSE indicates that the 
results on this year should be investigated. 

 

 

Fig. 2.25 Predicted and Expected values using an 8-1 MLP. NRMSE = 4% and 
COD = 0.76. 

 

 

Fig. 2.26 10% of error distributed in 3 months. NRMSE = 6% and COD=0.86. 
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Fig.2.27 10% of error in 1 month. NRMSE = 13% and COD=0.32. 

 

 

Fig.2.28 15% of error distributed in 4 months. NRMSE=16.8 and COD=0.33. 

 

Fig.2.29 15% redistributed in different months. NRMSE=4% and COD=0.38. 



  

 

 

Fig. 2.30 20% of error distributed in 4 months. NRMSE=20% and COD=0.62. 

 
Comparing the proposed solution with the traditional ANN classifier, it is 
possible to observe the better performance of ANN predictor for this scenario. In 
a traditional ANN classifier, instead of predicting the data, the ANN gives an 
hard output, which can be ‘1’ for fraudulent sample and ‘0’ for nonfraudulent 
samples. Due to the small number of samples available as shown in Figure 
1.12, the traditional ANN has not been able to correctly classify fraudulent and 
nonfraudulent samples. Therefore, for small number of data, our proposed 
scheme should be applied for fraud detection. 

 
 

2.4.4. Analysis of the results 

 
In this chapter, we have proposed the application of ANN for time series 
prediction together with NRMSE and COD in order to detect frauds in financial 
systems. 

 

Our proposed solution is particularly interesting when only a small number of 
samples are available. Since the traditional solution does not work for such 
scenarios, our proposed scheme should be applied. Therefore, our method 
based on ANN predictor should be considered as an alternative to ANN 
classifiers when the data is a time series which is evolving with time and when 
the number of sample for training the network is small.  

 

To validate our study, we have considered data from the tax collection of the 
SPU. 
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CHAPTER 3. INCLUDING PREDICTION CAPABILITIES 
FOR A BUSSINESS INTELLIGENCE SOLUTION 

 
 
The BI systems has attracted the interest of enterprises and organizations in the 
lasts years, due the important impact that they has on the efficiency and 
productivity of these entities. Consequently, the BI enterprises have devoted 
great investments and efforts on improving this kind of systems. One of the 
focuses of improvement is the prediction capabilities integrated on the BI 
systems. 
 
Traditional BI tools allow having more transparency for analyzing past and 
present tendencies, as well as detecting the hidden nature of the data. 
However, this is no longer enough for being competitive into the business world. 
The capacity of predicting the future is more and more required on the 
enterprises. 
 
For this reason, one of the objective of this project is to implement a predictive 
module that can be executed into the Pentaho, in order to provide these 
capabilities into the BI system of the MP. 
 
In order to incorporate predictive capabilities into the Pentaho, a plug-in 
including the predictive functions of the software WEKA will be developed and 
embedded into the main software. 
 

3.1. Suíte Open Source Pentaho 

 
There exist many different solutions for BI systems in the market. One of them 
is the software Pentaho, developed in Java and distributed under an open 
source license.  
 

 
Fig. 3.1 Different services and functionalities offered in Pentaho 

 
According to the Figure 3.1, the Pentaho Suite offers a complete solution for the 
application of the BI techniques, such as: 
 

 Pentaho Data Integration: Open source tool for the Extraction, 
Transformation and Load process (ETL). 
 



  

 Pentaho Analysis Services: also known as Mondrian OLAP server, is an 
open source tool for On-line Analytical Processing (OLAP). 
 

 Pentaho Reporting: derived from the JFreeReport. 
 

 Pentaho Data Mining: derived from the WEKA project, it is a set of tools 
related to the data mining processes. 
 

 Pentaho Dashboard: for showing the results to the user. 
 

 Pentaho for Apache Hadoop: also known as Pentaho BI Suite, it is a 
Hadoop version of this software. It is a platform of distributed computing, 
developed in Java and devoted to work with huge quantities of data (Big 
Data). 

 
The Pentaho solution defines itself as a solution-oriented BI platform focused in 
processes. It means that it does not only shows the results in a unique form and 
offers a general vision of the status of the enterprise, but also programs its own 
processes (workflow) for solving the detected problems. 
 
Due to its component structure, the Suite can be used for functionalities that go 
beyond the traditional BI functions. In this way, components for deploying 
processes managed by an automatic workflow, customizable web pages with 
support for portlets and single sign-on and other components are available. 
 
The platform executes all its BI Solutions as services, for this reason is possible 
to provide external access to these resources via web services, using a 
mechanism based on SOAP/WSDL/UDDI. 
 

3.2. Requirements description: a predictive module 

 
In this project, a concept of prototyping has been chosen, due it represents a 
better approach for building a specific software because of the fact that it 
permits to create a model of software that later can be evaluated. 
 
This approach starts on the collection and analysis of the requirements. Then, 
during the planning step, a holistic vision of the software was established, using 
the identification of its primary function that it should implement. These 
functions are: 
 

 (P1) Module: Identify and present the list of indicators. The module should 
present the option “Selecione o indicador” (“Select the indicator”). 
 

 (P2) User: selects the indicator to be analyzed and press the button 
“Analisar” (“Analyze”). 
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Fig. 3.2 Interface for selecting the indicator 

 

 (P3) Module: recovers the information from the database and presents 
the result into a graph. 
 

 
Fig. 3.3 Graph showing the real data 

 
 

 (P4) User: press the button “Gerar predição” (“Generate prediction”). 
 

 

 
Fig. 3.4 Generate prediction button 

 
 

 (P5) Module: run the prestablished prediction function 

 
 (P6) Module: presents the result of the prediction 

 

 
Fig. 3.5 Graph showing past and predicted data 

 

 (P7) The module is finished, return to the step (P1). 



  

 

3.3. Description of the architecture 

 
 
The Pentaho architecture is organized in layers, what permits to engage new 
codes and to re-use the software components in different approaches. The 
Pentaho architecture is represented in Figure 3.6. 
 

 
Figure 3.6 Schematic representation of the Pentaho software structure 

 
The Figure 3.7 shows a schematic representation of the architecture of the 
software module. 
 

 
Figure 3.7 Schematic representation of the software structure 

 
Web Application and Analytic Tool represent the software layer related to the 
client tools of the core. The software codes and components of this layer use 
the predictivity component of the core. (Appendix C). 
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Web Application represents any web application that uses the components of 
the core. 
 
Analytic Tool represent analytical software from different origins, integrated into 
the architecture via plug-in or other methods. 
 
Preditividade Core is the main component, responsible for receiving the 
configurations and parameters needed for the execution of the prediction 
functions. 
 
WEKA, Filesystem and Database correspond to the integration layer. 
Filesystem and Database are the possible sources of the data, while  WEKA 
contains all the prediction algorithms The component called Preditividade Core 
will use these elements for executing the functions and provide the results to 
the presentation layer. 
 
The Figure 3.7 presents a subset of the design model, which is significative in 
terms of architecture. 
 

 
Fig. 3.7 General overview of the architecture 

 
It is possible to observe the representation of the proposal for deploying the 
predictivity solution. The packages and classes describe the distribution of the 
responsibilities between the defined layers. 
 
The logical representation allows understanding the internal operation of the 
software. The components and codes can be found in Appendix B. 
 
 

3.4. User Interfaces 

 
In this section, the developed interfaces for implementing the functions 
described before are presented. 
 
 



  

 
Fig. 3.8 Initial interface of the predictive analytics module 

 

 
Fig. 3.9 Interface for selecting the indicator 
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Fig. 3.10 Interface presenting the actual data 

 

 
 

Fig. 3.11 Interface showing the prediction 

  



  

CONCLUSIONS 

 
In this project, a practical solution for improving the BI system of the MP is 
proposed. This improvement is based on the inclusion of predictive 
functionalities into the BI system of the MP, which uses the software Pentaho. 
In order to implement this solution, the first step has been the study of the 
different predictive algorithms. The most widely used algorithms have been 
tested using the real data of the MP. The results are evaluated using two 
indicators: the NRMSE and the COD. According to the results of this case 
study, the best solution will be selected for implementing a predictive module 
that will be included into the BI system of the MP. Also, the application of a time 
series predictor for fraud detection has been proposed.  
 
The conclusions of each step of the project are exposed below. 
 

Predictive algorithms 
 
In both scenarios tested in this project, it has been possible to make very 
accurate predictions. The values of NRMSE below 4% and COD higher than 0.6 
proves that the algorithms tested are useful solution for implementing a 
predictive analysis system for the MP. 
 
Analyzing the results of the case study, it is possible to observe that ANN 
presents better results than ARX. 
 
The ANN are more adaptable to different kinds of data. For this reason, they are 
considered universal approximators. 
 
An important capability observed on the ANN is the capacity of making accurate 
predictions using a low number of samples, as shown on the case study 
presented in this project. 
 
However, the ANN presents a high sensibility to the initial conditions. Also, its 
performance will vary noticeably depending on the configuration. For this 
reason, an automatic process for testing different configurations using the past 
data is needed for implementing an automatic system transparent for the final 
user. 
 
With respect to the software, both WEKA and MATLAB have been able to make 
very accurate predictions. The differences on the results for the same data and 
same configuration can be explained by the different manner of initialization of 
the algorithm. In this way, it is possible to conclude that both softwares are 
useful for implementing a predictor based on a MLP. 
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Application to fraud detection 
 
In the case study of application of a time series prediction for fraud detection it 
is shown that the predictions are accurate enough to be used as a reference of 
normal behavior.  
 
By introducing some deviations into the real data in order to simulate a possible 
fraud, it is proved that variations of more than 10% of the total value of a year 
can be easily detected using the NRMSE and the COD. 
 
Also, variations on the distribution of the values along the year can be detected, 
even maintaining the same total value. This can be useful for detecting fraud or 
other anomalies. 
 
However, the limitation of this system is that the threshold values for the 
NRMSE and the COD should be taken from the results on previous year, and 
this leave an important error margin. For this reason, this system is intended to 
be a complement for other fraud detection systems. 
 
 

Implementation of the prediction module into the Pentaho 
 
The software WEKA has been chosen for implementing the predictive 
functionalities into the Pentaho. The main reason is that WEKA is implemented 
in Java, and it is technologically simpler to take the functions of the algorithms 
and integrate it into the Pentaho. 
 
  



  

FUTURE WORKS 
 
The research presented in this thesis has analyzed several questions into the BI 
systems of the MP. However, there are several lines of research arising from 
this work which should be pursued. 
 
An interesting line of research is to study and implement multivariate prediction 
algorithms. Due to the fact that some of the indicators of the SPU may be 
related with other indicators, the predictions considering several indicators 
simultaneously will probably be more realistic and accurate. 
 
In the software architecture, an important improvement can be obtained by 
including the predictive functionalities during the data load process. In this way, 
at the end of the ETL process not only the data, but also the prediction over this 
data, will be provided to the presentation layer. This architecture may lead a 
more rapid and efficient BI system. 
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APPENDIX A – RESULTS WITH OTHER TYPES OF 
ARTIFICIAL NEURAL NETWORKS 

 
 

Other Scenarios (I): Neural Network predictor using Elman 
Network 
 
The Elman network is a specific type of Neural Network that uses a feedback 
connection form the n-layer output to the n-layer input. This recurrent 
connection allows the Elman network to both detect and generate time-varying 
patterns.  
 

 
 
In A1 show the performance of the Elman Network with different configurations. 

 

 

Fig. A1 - NRMSE for different configurations of Elman Network 

 

 

Fig. A2 - Best result obtained with Elman Network (4-4-1 Elman) 

 
The predictions using Elman Networks have been implemented only in 
MATLAB, because this kind of Neural Network is not available in WEKA. 
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Other Scenarios (II): Neural Network predictor using Feed 
Forward Network with sequential time delayed inputs 
 
The following figure represents a Feed Forward network. 
 

 

Fig. A3 - Representation of the use of a Feed Forward Neural Network with sequential 
time delayed inputs 

 
In this scenario, the input is presented as a sequence of data samples (1x36 
matrix containing the 36 months corresponding to the first 3 years of the 
available data). 
The ANN acts as a Finite Impulse Response (FIR) filter taking into account the 
lasts p samples for computing the output. The bests results has been obtained 
for p=12. 
In the following graph, the results of the predictions done using this kind of 
network are presented. 
 

 

Fig. A4 – NRMSE for different configurations of Feed Forward Network 

 
The best result has been obtained with the configuration 2-1. 

 
 

Fig. A5 – Predicted and expected time series in MATLAB 

 
  



  

APPENDIX B – MATLAB CODES 
 

Detrending time series 
 

 
 
Seasonal component of a time series 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Correlation 

Correlation 
Correlation function 
 

 
Coefficient of Determination 

 
 
 
 

 
 
 
 
 
 

arr_detrend = detrend (arr) 
arr_trend = arr - arr_detrend; 
 bar(arr_detrend) 
 plot (arr_detrend) 

%Stem 1. Load the data 
Y = arr; 
N = size(arr); 
N=N(1); 

  

  
%%Step 2. Apply a 13-term moving average. 
sW13 = [1/24;repmat(1/12,11,1);1/24]; 
Ys = conv(Y,sW13,'same'); 
Ys(1:6) = Ys(7); Ys(N-5:N) = Ys(N-6); 

  
xt = Y-Ys; 

  
h = plot(Ys/1000,'r','LineWidth',2); 
legend(h,'13-Term Moving Average') 
hold off 

  
%%Step 3. Create seasonal indices. 
s = 12; 
for i = 1:s 
 sidx{i,1} = i:s:N; 
end 

  
sidx{1:2} 

  
%%Step 4. Apply a stable seasonal filter. 

  
sst = cellfun(@(x) mean(xt(x)),sidx); 

  
% Put smoothed values back into a vector of length N 
NC = floor(N/s); % no. complete years 
rm = mod(N,s); % no. extra months 
sst = [repmat(sst,NC,1);sst(1:rm)]; 

  
% Center the seasonal estimate (additive) 
sbar = mean(sst); % for centering 
sst = sst-sbar; 

  
figure(2) 
plot(sst/1000) 
title('Stable Seasonal Component') 
xlim([0 N]) 
ylabel('(thousands)') 
set(gca,'XTick',[1:12:N]) 
set(gca,'XTickLabel',datestr(dates(1:12:N),10)) 
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Coefficient of Determination (COD) 
 

 
 

Correlation Function 
 

 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

function [ans] = correlation(Y,f) 
    s=0; 
    for i=1:12 
        s=s+((Y(i)-mean(Y))*(f(i)-mean(f))); 
    end 
ans = s/(12*std(Y)*std(f)); 

 

function [ans] = coefofdet(Y,f) 
%Y - prediction 
%f - expected(real) 

 
    numerator=0; 
    denominator=0; 
    meanf = mean(f); 
    for i=1:12 
        numerator=numerator+(f(i)-Y(i))^2; 
        denominator=denominator+(f(i)-meanf)^2; 
    end 
ans = 1-(numerator/denominator); 

 



  

 
Multi-Layer Perceptron 
 

 
 
 
 
 

 

function [] = mlp_toni(data) 

  
c = data(1:(end-2),1:end) 
d = data((end-1),1:end) 
e = data(2:(end-1),1:end); 
f = data(end,1:end); 

  
RMSE_1 = zeros(1, 10); 
corr_1 = zeros(1, 10); 
cofdet_1 = zeros(1, 10); 
svddif_1 = zeros(1, 10); 
RMSE_3L = zeros(1, 10); 
corr_2 = zeros(1, 10); 
cofdet_2 = zeros(1, 10); 
svddif_2 = zeros(1, 10); 
RMSE_4L = zeros(1, 10); 
corr_3 = zeros(1, 10); 
coefdet_3 = zeros(1, 10); 
svddif_3 = zeros(1, 10); 
m=1 
%for m = 1:10 
    RandStream.setDefaultStream(RandStream('mt19937ar','seed',1)); 

     
    net = newff (c, d, [m]); 

  
    [net,tr] = train(net,c,d); 

  
    Y = sim(net,e);    

  
    RMSE_1(m) = sqrt(mean((double(f)) - 

double(Y)).^2)/sqrt(mean(double(f)).^2); 

  
    cofdet_1(m) = coefofdet(Y,f); 

  
    showresults(Y,f); 

     
    fid = fopen('exp_expected.txt', 'wt'); 
    fprintf(fid, '%6.2f\n', f); 
    fclose(fid) 
    fid = fopen('exp_results.txt', 'wt'); 
    fprintf(fid, '%6.2f\n', Y); 
    fclose(fid) 
%end     
display(RMSE_1) 
display(cofdet_1) 
end 
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Feed Forward Network with Time Delay 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 

%Data initialization 
dados = a; 
P = [dados(1:12, 2);dados(13:24, 2);dados(25:36, 2)]; 
P = P'; 
T = [dados(13:24, 2);dados(25:36, 2);dados(37:48, 2)]; 
T=T'; 
R = [dados(37:48, 2)]; 
R=R'; 
%Creating the network 
RMSE_1td = zeros(1, 10); 
for m = 1:10 
net = newfftd(P,T,[0 1 2 3 4 5 6 7 8 9 10 11 12],13); 
%Training the network 
net.trainParam.epochs = 50; 
[net,tr] = train(net,P,T); 
%plotperform(tr); 
%Simulation 
Y = sim(net,R); 
RMSE_1td(m) = sqrt(mean((double(dados(49:60, 2)) - 

double(Y')).^2))/sqrt(mean(double(dados(49:60, 2)).^2)); 
end 
%Plot results 
figure(2); 
bar(Y) 
title('Output'); 
figure(3); 
bar(dados(49:60, 2)) 
title('Expected'); 
RMSE_1td 

 



  

 
 
 
Narx Network 
 

 
 
  

dados = a; 
%Data initialization 
P = [dados(1:12, 2) dados(13:24, 2) dados(25:36, 2)]; 
T = [dados(13:24, 2) dados(25:36, 2) dados(37:48, 2)]; 
R = [dados(37:48, 2)]; 
%Creating the network 
RMSE_12 = zeros(1, 10); 
for m = 1:3 
net = newnarx(P,T,[0 1 2 3 4 5 6 7 8 9 10 11 12],[12], 13); 
%Training the network 
net.trainParam.epochs = 50; 
[net,tr] = train(net,P,T); 
%plotperform(tr); 
%Simulation 
Y = sim(net,R); 
RMSE_12(m) = sqrt(mean((double(dados(49:60, 2)) - 

double(Y)).^2))/sqrt(mean(dados(49:60, 2).^2)); 
end 
%Plot results 
figure(2); 
bar(Y) 
title('Output'); 
figure(3); 
bar(dados(49:60, 2)) 
title('Expected'); 
RMSE_12 
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Elman Network 
 

 
  
  

dados = a; 
%Data initialization 
P = [dados(1:12, 2) dados(13:24, 2) dados(25:36, 2)]; 
T = [dados(13:24, 2) dados(25:36, 2) dados(37:48, 2)]; 
R = [dados(37:48, 2)]; 
%Creating the network 
RMSE_12 = zeros(1, 10); 
for m = 1:3 
net = newelm (P, T, [2]); 
%Training the network 
net.trainParam.epochs = 50; 
[net,tr] = train(net,P,T); 
%plotperform(tr); 
%Simulation 
Y = sim(net,R); 
RMSE_12(m) = sqrt(mean((double(dados(49:60, 2)) - 

double(Y)).^2))/sqrt(mean(dados(49:60, 2).^2)); 
end 
%Plot results 
figure(2); 
bar(Y) 
title('Output'); 
figure(3); 
bar(dados(49:60, 2)) 
title('Expected'); 
RMSE_12 

 



  

APPENDIX C – PREDICTIVE MODULE CODES (CORE) 
 
// INICIO ARQUIVO: Teste.java.svn-base 

/** 

 * Autor: Antonio Rubio 

 */ 

 

 

import java.util.ArrayList; 

import java.util.HashMap; 

import java.util.List; 

import java.util.Map; 

 

import br.edu.unb.preditividade.enums.InstanceStrategyEnum; 

import br.edu.unb.preditividade.vo.PreditividadeVo; 

 

 

public class Teste { 

 final String FILE_PATH = 

"/home/ararigleno/Documentos/bkp_desktop/stdy/ararigleno/arrecadacao.a

rff"; 

 

 public Teste() throws Exception { 

   

  List<PreditividadeVo> retorno = new 

ArrayList<PreditividadeVo>(); 

   

  String classifierName = 

"weka.classifiers.functions.MultilayerPerceptron"; 

  String options = "-L 0.3 -M 0.2 -N 500 -V 0 -S 0 -E 20 -H 

a"; 

   

  Map<String, Object> params = new HashMap<String, Object>(); 

  params.put("idindicador", 3); 

  params.put("funcao", "count"); 

   

  br.edu.unb.preditividade.service.PreditividadeService 

preditividadeService = new 

br.edu.unb.preditividade.service.PreditividadeService(classifierName, 

options, InstanceStrategyEnum.DATABASE, params); 

   

  retorno.addAll(preditividadeService.executar()); 

  

  for(PreditividadeVo pVo : retorno) { 

   System.out.println(pVo.getAno() +"="+pVo.getValor()); 

  } 

   

   

/* 

  DataSource source = new DataSource(FILE_PATH); 

  Instances data = source.getDataSet(); 

  data.setClass(data.attribute("t")); 

 

  Instances header = new Instances(data, 0); 

 

  Classifier scheme = new 

weka.classifiers.functions.MultilayerPerceptron(); 

  scheme.setOptions(weka.core.Utils 

    .splitOptions("-L 0.3 -M 0.2 -N 500 -V 0 -S 0 -

E 20 -H a")); 



Master’s Thesis   65 

  scheme.buildClassifier(data); 

 

  System.out.println("atual -> pred"); 

  for (int i = 0; i < data.numInstances(); i++) { 

   Instance curr = data.instance(i); 

 

   Instance inst = new Instance(header.numAttributes()); 

   inst.setDataset(header); 

 

   for (int n = 0; n < header.numAttributes(); n++) { 

    Attribute att = 

data.attribute(header.attribute(n).name()); 

 

    if (att != null) { 

     if (att.isNominal()) { 

 

      if 

((header.attribute(n).numValues() > 0) 

        && (att.numValues() > 

0)) { 

       String label = 

curr.stringValue(att); 

       int index = 

header.attribute(n).indexOfValue(label); 

       if (index != -1) { 

        inst.setValue(n, 

index); 

       } 

      } 

     } else if (att.isNumeric()) { 

      inst.setValue(n, curr.value(att)); 

     } else { 

      throw new 

IllegalStateException("Tipo de atributo não previsto."); 

     } 

    } 

   } 

 

   // predict class 

   double pred = scheme.classifyInstance(inst); 

   System.out.println(inst.classValue() + " -> " + 

pred); 

  } 

*/ 

 } 

 

 public static void main(String[] args) throws Exception { 

  new Teste(); 

 } 

} 

 

// FIM ARQUIVO: Teste.java.svn-base 

 

// INICIO ARQUIVO: Teste.java 

 

import java.util.ArrayList; 

import java.util.HashMap; 

import java.util.List; 

import java.util.Map; 

 

import br.edu.unb.preditividade.enums.InstanceStrategyEnum; 



  

import br.edu.unb.preditividade.vo.PreditividadeVo; 

 

/** 

 * 

 */ 

 

public class Teste { 

 final String FILE_PATH = 

"/home/ararigleno/Documentos/bkp_desktop/stdy/ararigleno/arrecadacao.a

rff"; 

 

 public Teste() throws Exception { 

   

  List<PreditividadeVo> retorno = new 

ArrayList<PreditividadeVo>(); 

   

  String classifierName = 

"weka.classifiers.functions.MultilayerPerceptron"; 

  String options = "-L 0.3 -M 0.2 -N 500 -V 0 -S 0 -E 20 -H 

a"; 

   

  Map<String, Object> params = new HashMap<String, Object>(); 

  params.put("idindicador", 3); 

  params.put("funcao", "count"); 

   

  br.edu.unb.preditividade.service.PreditividadeService 

preditividadeService = new 

br.edu.unb.preditividade.service.PreditividadeService(classifierName, 

options, InstanceStrategyEnum.DATABASE, params); 

   

  retorno.addAll(preditividadeService.executar()); 

  

  for(PreditividadeVo pVo : retorno) { 

   System.out.println(pVo.getAno() +"="+pVo.getValor()); 

  } 

   

   

/* 

  DataSource source = new DataSource(FILE_PATH); 

  Instances data = source.getDataSet(); 

  data.setClass(data.attribute("t")); 

 

  Instances header = new Instances(data, 0); 

 

  Classifier scheme = new 

weka.classifiers.functions.MultilayerPerceptron(); 

  scheme.setOptions(weka.core.Utils 

    .splitOptions("-L 0.3 -M 0.2 -N 500 -V 0 -S 0 -

E 20 -H a")); 

  scheme.buildClassifier(data); 

 

  System.out.println("atual -> pred"); 

  for (int i = 0; i < data.numInstances(); i++) { 

   Instance curr = data.instance(i); 

 

   Instance inst = new Instance(header.numAttributes()); 

   inst.setDataset(header); 

 

   for (int n = 0; n < header.numAttributes(); n++) { 

    Attribute att = 

data.attribute(header.attribute(n).name()); 
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    if (att != null) { 

     if (att.isNominal()) { 

 

      if 

((header.attribute(n).numValues() > 0) 

        && (att.numValues() > 

0)) { 

       String label = 

curr.stringValue(att); 

       int index = 

header.attribute(n).indexOfValue(label); 

       if (index != -1) { 

        inst.setValue(n, 

index); 

       } 

      } 

     } else if (att.isNumeric()) { 

      inst.setValue(n, curr.value(att)); 

     } else { 

      throw new 

IllegalStateException("Tipo de atributo nÃ£o previsto."); 

     } 

    } 

   } 

 

   // predict class 

   double pred = scheme.classifyInstance(inst); 

   System.out.println(inst.classValue() + " -> " + 

pred); 

  } 

*/ 

 } 

 

 public static void main(String[] args) throws Exception { 

  new Teste(); 

 } 

} 

 

// FIM ARQUIVO: Teste.java 

 

// INICIO ARQUIVO: Configuracao.java.svn-base 

 

package br.edu.unb.preditividade.config; 

 

import java.util.HashMap; 

import java.util.Map; 

 

public class Configuracao { 

  

 public final static String DB_DRIVER = 

"preditividade.db.driver"; 

 public final static String DB_URL = "preditividade.db.url"; 

 public final static String DB_USERNAME = 

"preditividade.db.username"; 

 public final static String DB_PASSWORD = 

"preditividade.db.password"; 

 public final static String DB_QUERY = "preditividade.db.query"; 

 public final static String FILE_PATH = 

"preditividade.file.path"; 

  



  

 private static Map<String, String> properties=null; 

  

 public static String get(Object key) { 

  if (properties == null) { 

   properties = new HashMap<String, String>(); 

    

   //TODO: .properties 

   properties.put(DB_DRIVER, "org.postgresql.Driver"); 

   properties.put(DB_URL, 

"jdbc:postgresql://127.0.0.1:5432/model_spu_ind"); 

   properties.put(DB_USERNAME, "postgres"); 

   properties.put(DB_PASSWORD, "postgres"); 

    

   String tmpSql = "SELECT :funcao(fato_indicador.valor) 

as valor_atual," + 

         " 

dim_indicador.id_indicador, " + 

         " d_date.\"year\" 

as ano " + 

"FROM public.fato_indicador " + 

  "INNER JOIN public.dim_indicador on dim_indicador.id_indicador = 

fato_indicador.fk_indicador " + 

  "INNER JOIN public.d_date on fato_indicador.fk_date = d_date.date_tk 

" + 

  "WHERE dim_indicador.id_indicador = :idindicador " + 

"AND d_date.\"year\" <= (SELECT DISTINCT (d_date.\"year\") " + 

   "FROM " + 

     "public.fato_indicador, " +  

     "public.dim_indicador, " +  

     "public.d_date " + 

   "WHERE fato_indicador.fk_date = d_date.date_tk " + 

    " and dim_indicador.id_indicador = 

fato_indicador.fk_indicador " + 

"     and dim_indicador.id_indicador = :idindicador "  + 

   "ORDER BY d_date.\"year\" DESC "+ 

   "LIMIT 1) "+ 

"GROUP BY id_indicador, d_date.\"year\" "+ 

"order by d_date.\"year\" "; 

    

   properties.put(DB_QUERY, tmpSql); 

  } 

 

  return properties.get(key); 

 } 

  

} 

 

// FIM ARQUIVO: Configuracao.java.svn-base 

 

// INICIO ARQUIVO: Configuracao.java 

 

package br.edu.unb.preditividade.config; 

 

import java.util.HashMap; 

import java.util.Map; 

 

public class Configuracao { 

  

 public final static String DB_DRIVER = 

"preditividade.db.driver"; 

 public final static String DB_URL = "preditividade.db.url"; 



Master’s Thesis   69 

 public final static String DB_USERNAME = 

"preditividade.db.username"; 

 public final static String DB_PASSWORD = 

"preditividade.db.password"; 

 public final static String DB_QUERY = "preditividade.db.query"; 

 public final static String FILE_PATH = 

"preditividade.file.path"; 

  

 private static Map<String, String> properties=null; 

  

 public static String get(Object key) { 

  if (properties == null) { 

   properties = new HashMap<String, String>(); 

    

   //TODO: .properties 

   properties.put(DB_DRIVER, "org.postgresql.Driver"); 

   properties.put(DB_URL, 

"jdbc:postgresql://127.0.0.1:5432/model_spu_ind"); 

   properties.put(DB_USERNAME, "postgres"); 

   properties.put(DB_PASSWORD, "postgres"); 

    

   String tmpSql = "SELECT :funcao(fato_indicador.valor) 

as valor_atual," + 

         " 

dim_indicador.id_indicador, " + 

         " d_date.\"year\" 

as ano " + 

"FROM public.fato_indicador " + 

  "INNER JOIN public.dim_indicador on dim_indicador.id_indicador = 

fato_indicador.fk_indicador " + 

  "INNER JOIN public.d_date on fato_indicador.fk_date = d_date.date_tk 

" + 

  "WHERE dim_indicador.id_indicador = :idindicador " + 

"AND d_date.\"year\" <= (SELECT DISTINCT (d_date.\"year\") " + 

   "FROM " + 

     "public.fato_indicador, " +  

     "public.dim_indicador, " +  

     "public.d_date " + 

   "WHERE fato_indicador.fk_date = d_date.date_tk " + 

    " and dim_indicador.id_indicador = 

fato_indicador.fk_indicador " + 

"     and dim_indicador.id_indicador = :idindicador "  + 

   "ORDER BY d_date.\"year\" DESC "+ 

   "LIMIT 1) "+ 

"GROUP BY id_indicador, d_date.\"year\" "+ 

"order by d_date.\"year\" "; 

    

   properties.put(DB_QUERY, tmpSql); 

  } 

 

  return properties.get(key); 

 } 

  

} 

 

// FIM ARQUIVO: Configuracao.java 

 

// INICIO ARQUIVO: ClassifierEnum.java.svn-base 

 

package br.edu.unb.preditividade.enums; 

 



  

public enum ClassifierEnum { 

  

 MULTILAYER_PERCEPTRON("weka.classifiers.functions.MultilayerPerc

eptron", "-L 0.3 -M 0.2 -N 500 -V 0 -S 0 -E 20 -H a"); 

  

 private String classname; 

 private String options; 

  

 private ClassifierEnum(String classname, String options) { 

  this.classname = classname; 

  this.options = options; 

 } 

 

 public String getClassname() { 

  return classname; 

 } 

 

 public void setClassname(String classname) { 

  this.classname = classname; 

 } 

 

 public String getOptions() { 

  return options; 

 } 

 

 public void setOptions(String options) { 

  this.options = options; 

 } 

} 

 

// FIM ARQUIVO: ClassifierEnum.java.svn-base 

 

// INICIO ARQUIVO: InstanceStrategyEnum.java.svn-base 

 

package br.edu.unb.preditividade.enums; 

 

public enum InstanceStrategyEnum { 

 FILE(), 

 DATABASE(); 

} 

 

// FIM ARQUIVO: InstanceStrategyEnum.java.svn-base 

 

// INICIO ARQUIVO: ClassifierEnum.java 

 

package br.edu.unb.preditividade.enums; 

 

public enum ClassifierEnum { 

  

 MULTILAYER_PERCEPTRON("weka.classifiers.functions.MultilayerPerc

eptron", "-L 0.3 -M 0.2 -N 500 -V 0 -S 0 -E 20 -H a"); 

  

 private String classname; 

 private String options; 

  

 private ClassifierEnum(String classname, String options) { 

  this.classname = classname; 

  this.options = options; 

 } 

 

 public String getClassname() { 
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  return classname; 

 } 

 

 public void setClassname(String classname) { 

  this.classname = classname; 

 } 

 

 public String getOptions() { 

  return options; 

 } 

 

 public void setOptions(String options) { 

  this.options = options; 

 } 

} 

 

// FIM ARQUIVO: ClassifierEnum.java 

 

// INICIO ARQUIVO: InstanceStrategyEnum.java 

 

package br.edu.unb.preditividade.enums; 

 

public enum InstanceStrategyEnum { 

 FILE(), 

 DATABASE(); 

} 

 

// FIM ARQUIVO: InstanceStrategyEnum.java 

 

// INICIO ARQUIVO: InstanceService.java.svn-base 

 

package br.edu.unb.preditividade.service; 

 

import java.io.Serializable; 

import java.util.Map; 

 

import weka.core.Attribute; 

import weka.core.Instance; 

import weka.core.Instances; 

import weka.core.converters.ConverterUtils.DataSource; 

import weka.experiment.InstanceQuery; 

import br.edu.unb.preditividade.config.Configuracao; 

import br.edu.unb.preditividade.enums.InstanceStrategyEnum; 

 

public class InstanceService implements Serializable { 

  

 public Instances generateInstances(InstanceStrategyEnum 

strategy, Map<String, Object> params) throws Exception { 

  return generateInstances(strategy, 

carregarParametros(Configuracao.get(Configuracao.DB_QUERY), params)); 

 } 

  

 private String carregarParametros(String sql, Map<String, 

Object> params) { 

   

  String retorno = sql; 

   

  for(String param : params.keySet()) { 

   if(param.equals("funcao")) { 

    retorno = retorno.replaceAll(":"+param, 

String.valueOf(params.get(param))); 



  

   } else { 

    if(params.get(param) instanceof String) { 

     retorno = retorno.replaceAll(":"+param, 

"'"+params.get(param)+"'");  

    } else { 

     retorno = retorno.replaceAll(":"+param, 

String.valueOf(params.get(param))); 

    } 

   } 

  } 

   

  return retorno ; 

 } 

 

 public Instances generateInstances(InstanceStrategyEnum 

strategy, String sql) throws Exception { 

  

  Instances retorno = null; 

 

  if (strategy.equals(InstanceStrategyEnum.DATABASE)) { 

   retorno = createInstancesFromDatabase(sql); 

  } else if (strategy.equals(InstanceStrategyEnum.FILE)) { 

   retorno = createInstancesFromFile(); 

  } 

 

  return retorno; 

 } 

 

 private Instances createInstancesFromDatabase(String sql) throws 

Exception { 

  Instances retorno = null; 

  InstanceQuery query = new InstanceQuery(); 

 

 query.setDatabaseURL(String.valueOf(Configuracao.get(Configuraca

o.DB_URL))); 

 

 query.setUsername(String.valueOf(Configuracao.get(Configuracao.D

B_USERNAME))); 

 

 query.setPassword(String.valueOf(Configuracao.get(Configuracao.D

B_PASSWORD))); 

  query.setQuery(sql); 

 

  retorno = query.retrieveInstances(); 

   

   

   

  Instance inst = new Instance(retorno.numAttributes()); 

   

  Attribute att = null; 

  att = retorno.attribute(retorno.attribute(1).name()); 

  inst.setValue(att, retorno.lastInstance().value(1)); 

   

  att = retorno.attribute(retorno.attribute(2).name()); 

  inst.setValue(att, retorno.lastInstance().value(2)+1); 

   

  retorno.add(inst); 

   

  return retorno; 

 } 
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 private Instances createInstancesFromFile() throws Exception { 

  DataSource source = new 

DataSource(Configuracao.get(Configuracao.FILE_PATH)); 

  return source.getDataSet(); 

 } 

 

} 

 

// FIM ARQUIVO: InstanceService.java.svn-base 

 

// INICIO ARQUIVO: PreditividadeService.java.svn-base 

 

package br.edu.unb.preditividade.service; 

 

import java.io.Serializable; 

import java.util.ArrayList; 

import java.util.Collections; 

import java.util.Comparator; 

import java.util.List; 

import java.util.Map; 

 

import weka.classifiers.Classifier; 

import weka.core.Attribute; 

import weka.core.Instance; 

import weka.core.Instances; 

import br.edu.unb.preditividade.enums.InstanceStrategyEnum; 

import br.edu.unb.preditividade.vo.PreditividadeVo; 

 

public class PreditividadeService implements Serializable { 

 

 private Classifier scheme = null; 

 private Instances data = null; 

 

 public PreditividadeService() { 

 

 } 

 

 public PreditividadeService(String classifierName, String 

options, InstanceStrategyEnum strat, Map<String, Object> params) 

   throws Exception { 

  InstanceService is = new InstanceService(); 

   

  this.scheme = Classifier.forName(classifierName, 

weka.core.Utils.splitOptions(options)); 

  this.data = is.generateInstances(strat, params); 

  

  this.data.setClass(data.attribute(0)); 

 } 

 

 public List<PreditividadeVo> executar() { 

 

  List<PreditividadeVo> retorno = new 

ArrayList<PreditividadeVo>(); 

 

  Instances header = null; 

  PreditividadeVo preditividadeVo = null; 

 

  try { 

   header = new Instances(data, 0); 

   scheme.buildClassifier(data); 

 



  

   for (int i = 0; i < data.numInstances(); i++) { 

    Instance curr = data.instance(i); 

 

    Instance inst = new 

Instance(header.numAttributes()); 

    inst.setDataset(header); 

 

    for (int n = 0; n < header.numAttributes(); 

n++) { 

     Attribute att = 

data.attribute(header.attribute(n).name()); 

 

     if (att != null) { 

      if (att.isNominal()) { 

       if 

((header.attribute(n).numValues() > 0) 

         && 

(att.numValues() > 0)) { 

        String label = 

curr.stringValue(att); 

        int index = 

header.attribute(n).indexOfValue( 

          label); 

        if (index != -1) { 

         inst.setValue(n, 

index); 

        } 

       } 

      } else if (att.isNumeric()) { 

       inst.setValue(n, 

curr.value(att)); 

      } else { 

       throw new 

IllegalStateException( 

         "Tipo de atributo 

nÃ£o previsto."); 

      } 

     } 

    } 

 

    preditividadeVo = new PreditividadeVo(); 

   

 preditividadeVo.setValor(scheme.classifyInstance(inst)); 

   

 preditividadeVo.setId(Integer.parseInt(inst.toString(1)));//id_i

ndicador 

   

 preditividadeVo.setAno(Integer.parseInt(inst.toString(2))); 

    retorno.add(preditividadeVo); 

     

    Collections.sort(retorno, new 

Comparator<PreditividadeVo>() { 

     public int compare(PreditividadeVo o1, 

PreditividadeVo o2) { 

      int ret = 0; 

      if(o1.getAno() < o2.getAno()) { 

       ret = -1; 

      } else if (o1.getAno() == 

o2.getAno()) { 

       ret = 0; 

      } else { 
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       ret = 1; 

      } 

       

            return ret; 

        } 

    }); 

   } 

 

  } catch (Exception e) { 

   e.printStackTrace(); 

  } finally { 

   header = null; 

  } 

 

  return retorno; 

 } 

 

 public Instances getData() { 

  return data; 

 } 

 

 public void setData(Instances data) { 

  this.data = data; 

 } 

  

  

} 

 

// FIM ARQUIVO: PreditividadeService.java.svn-base 

 

// INICIO ARQUIVO: InstanceService.java 

 

package br.edu.unb.preditividade.service; 

 

import java.io.Serializable; 

import java.util.Map; 

 

import weka.core.Attribute; 

import weka.core.Instance; 

import weka.core.Instances; 

import weka.core.converters.ConverterUtils.DataSource; 

import weka.experiment.InstanceQuery; 

import br.edu.unb.preditividade.config.Configuracao; 

import br.edu.unb.preditividade.enums.InstanceStrategyEnum; 

 

public class InstanceService implements Serializable { 

  

 public Instances generateInstances(InstanceStrategyEnum 

strategy, Map<String, Object> params) throws Exception { 

  return generateInstances(strategy, 

carregarParametros(Configuracao.get(Configuracao.DB_QUERY), params)); 

 } 

  

 private String carregarParametros(String sql, Map<String, 

Object> params) { 

   

  String retorno = sql; 

   

  for(String param : params.keySet()) { 

   if(param.equals("funcao")) { 

    retorno = retorno.replaceAll(":"+param, 



  

String.valueOf(params.get(param))); 

   } else { 

    if(params.get(param) instanceof String) { 

     retorno = retorno.replaceAll(":"+param, 

"'"+params.get(param)+"'");  

    } else { 

     retorno = retorno.replaceAll(":"+param, 

String.valueOf(params.get(param))); 

    } 

   } 

  } 

   

  return retorno ; 

 } 

 

 public Instances generateInstances(InstanceStrategyEnum 

strategy, String sql) throws Exception { 

  

  Instances retorno = null; 

 

  if (strategy.equals(InstanceStrategyEnum.DATABASE)) { 

   retorno = createInstancesFromDatabase(sql); 

  } else if (strategy.equals(InstanceStrategyEnum.FILE)) { 

   retorno = createInstancesFromFile(); 

  } 

 

  return retorno; 

 } 

 

 private Instances createInstancesFromDatabase(String sql) throws 

Exception { 

  Instances retorno = null; 

  InstanceQuery query = new InstanceQuery(); 

 

 query.setDatabaseURL(String.valueOf(Configuracao.get(Configuraca

o.DB_URL))); 

 

 query.setUsername(String.valueOf(Configuracao.get(Configuracao.D

B_USERNAME))); 

 

 query.setPassword(String.valueOf(Configuracao.get(Configuracao.D

B_PASSWORD))); 

  query.setQuery(sql); 

 

  retorno = query.retrieveInstances(); 

   

   

   

  Instance inst = new Instance(retorno.numAttributes()); 

   

  Attribute att = null; 

  att = retorno.attribute(retorno.attribute(1).name()); 

  inst.setValue(att, retorno.lastInstance().value(1)); 

   

  att = retorno.attribute(retorno.attribute(2).name()); 

  inst.setValue(att, retorno.lastInstance().value(2)+1); 

   

  retorno.add(inst); 

   

  return retorno; 

 } 
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 private Instances createInstancesFromFile() throws Exception { 

  DataSource source = new 

DataSource(Configuracao.get(Configuracao.FILE_PATH)); 

  return source.getDataSet(); 

 } 

 

} 

 

// FIM ARQUIVO: InstanceService.java 

 

// INICIO ARQUIVO: PreditividadeService.java 

 

package br.edu.unb.preditividade.service; 

 

import java.io.Serializable; 

import java.util.ArrayList; 

import java.util.Collections; 

import java.util.Comparator; 

import java.util.List; 

import java.util.Map; 

 

import weka.classifiers.Classifier; 

import weka.core.Attribute; 

import weka.core.Instance; 

import weka.core.Instances; 

import br.edu.unb.preditividade.enums.InstanceStrategyEnum; 

import br.edu.unb.preditividade.vo.PreditividadeVo; 

 

public class PreditividadeService implements Serializable { 

 

 private Classifier scheme = null; 

 private Instances data = null; 

 

 public PreditividadeService() { 

 

 } 

 

 public PreditividadeService(String classifierName, String 

options, InstanceStrategyEnum strat, Map<String, Object> params) 

   throws Exception { 

  InstanceService is = new InstanceService(); 

   

  this.scheme = Classifier.forName(classifierName, 

weka.core.Utils.splitOptions(options)); 

  this.data = is.generateInstances(strat, params); 

  

  this.data.setClass(data.attribute(0)); 

 } 

 

 public List<PreditividadeVo> executar() { 

 

  List<PreditividadeVo> retorno = new 

ArrayList<PreditividadeVo>(); 

 

  Instances header = null; 

  PreditividadeVo preditividadeVo = null; 

 

  try { 

   header = new Instances(data, 0); 

   scheme.buildClassifier(data); 



  

 

   for (int i = 0; i < data.numInstances(); i++) { 

    Instance curr = data.instance(i); 

 

    Instance inst = new 

Instance(header.numAttributes()); 

    inst.setDataset(header); 

 

    for (int n = 0; n < header.numAttributes(); 

n++) { 

     Attribute att = 

data.attribute(header.attribute(n).name()); 

 

     if (att != null) { 

      if (att.isNominal()) { 

       if 

((header.attribute(n).numValues() > 0) 

         && 

(att.numValues() > 0)) { 

        String label = 

curr.stringValue(att); 

        int index = 

header.attribute(n).indexOfValue( 

          label); 

        if (index != -1) { 

         inst.setValue(n, 

index); 

        } 

       } 

      } else if (att.isNumeric()) { 

       inst.setValue(n, 

curr.value(att)); 

      } else { 

       throw new 

IllegalStateException( 

         "Tipo de atributo 

nÃ£o previsto."); 

      } 

     } 

    } 

 

    preditividadeVo = new PreditividadeVo(); 

   

 preditividadeVo.setValor(scheme.classifyInstance(inst)); 

   

 preditividadeVo.setId(Integer.parseInt(inst.toString(1)));//id_i

ndicador 

   

 preditividadeVo.setAno(Integer.parseInt(inst.toString(2))); 

    retorno.add(preditividadeVo); 

     

    Collections.sort(retorno, new 

Comparator<PreditividadeVo>() { 

     public int compare(PreditividadeVo o1, 

PreditividadeVo o2) { 

      int ret = 0; 

      if(o1.getAno() < o2.getAno()) { 

       ret = -1; 

      } else if (o1.getAno() == 

o2.getAno()) { 

       ret = 0; 
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      } else { 

       ret = 1; 

      } 

       

            return ret; 

        } 

    }); 

   } 

 

  } catch (Exception e) { 

   e.printStackTrace(); 

  } finally { 

   header = null; 

  } 

 

  return retorno; 

 } 

 

 public Instances getData() { 

  return data; 

 } 

 

 public void setData(Instances data) { 

  this.data = data; 

 } 

  

  

} 

 

// FIM ARQUIVO: PreditividadeService.java 

 

// INICIO ARQUIVO: PadraoVo.java.svn-base 

 

package br.edu.unb.preditividade.vo; 

 

import java.io.Serializable; 

 

public class PadraoVo implements Serializable { 

 

} 

 

// FIM ARQUIVO: PadraoVo.java.svn-base 

 

// INICIO ARQUIVO: PreditividadeVo.java.svn-base 

 

package br.edu.unb.preditividade.vo; 

 

import java.io.Serializable; 

 

public class PreditividadeVo implements Serializable  { 

 

 private Integer id; 

 private Integer ano; 

 private Double valor; 

 

 public Integer getId() { 

  return id; 

 } 

 public void setId(Integer id) { 

  this.id = id; 

 } 



  

 public Double getValor() { 

  return valor; 

 } 

 public void setValor(Double valor) { 

  this.valor = valor; 

 } 

 public Integer getAno() { 

  return ano; 

 } 

 public void setAno(Integer ano) { 

  this.ano = ano; 

 } 

} 

 

// FIM ARQUIVO: PreditividadeVo.java.svn-base 

 

// INICIO ARQUIVO: PadraoVo.java 

 

package br.edu.unb.preditividade.vo; 

 

import java.io.Serializable; 

 

public class PadraoVo implements Serializable { 

 

} 

// FIM ARQUIVO: PadraoVo.java 

 

// INICIO ARQUIVO: PreditividadeVo.java 

 

package br.edu.unb.preditividade.vo; 

 

import java.io.Serializable; 

 

 

public class PreditividadeVo implements Serializable  { 

 

 private Integer id; 

 private Integer ano; 

 private Double valor; 

 

 public Integer getId() { 

  return id; 

 } 

 public void setId(Integer id) { 

  this.id = id; 

 } 

 public Double getValor() { 

  return valor; 

 } 

 public void setValor(Double valor) { 

  this.valor = valor; 

 } 

 public Integer getAno() { 

  return ano; 

 } 

 public void setAno(Integer ano) { 

  this.ano = ano; 

 } 

} 

 

// FIM ARQUIVO: PreditividadeVo.java 
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