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Abstract: 

In modern production scenarios, manufacturing companies have the opportunity to collect a lot of data. 
These may concern for example, production, sales, quality or maintenance of the goods manufactured. The 
ability to collect data, however, is rarely a conscious and comprehensive data storage activity. The data 
collection, is not designed for a possible and specific use, but, rather, it is decided in the beginning to collect 
data and, then, to try to extract some useful information. An appropriate data processing could allow to pass 
from a disrupted collection of data to a much more useful knowledge. The interest to understand whether 
some data, collected by a major corporation, could be exploited has led to a study that would allow to 
understand if it was worthwhile to invest resources in the integrated data collection and creation of a data 
warehouse. The study was intended to enable us to understand what new knowledge could be extracted from 
the data, trying to analyse a small sample. The activity of this study was initiated with the intent to explore the 
possibility of extracting useful information from a data set collected by the company through the 
development of a data mining model. The analysis was performed on data gathered during the technical 
assistance in a period of one year, using techniques such as contingency analysis and cluster analysis, 
developed with a statistical software. After an initial comprehensive analysis of the statistical sample, the data 
processing activity was carried out in four stages. The first step was the first level contingency analysis, aiming 
at studying the functioning of the goods produced in the immediacy of the fault. The second step was a 
cluster analysis, which aimed to define any classes of operation. The third step was a second-level contingency 
analysis, aiming at verifying the correlation between the fault and the membership to one of the groups 
previously defined. Finally, we performed a second level cluster analysis, to identify possible classes of 
machine use, considering, this time, the entire productive life. Despite the relative shortage of data, the 
project's objective was achieved, confirming the presence of patterns and the possibility of extracting useful 
knowledge to various business sectors, from design to the identification of faults. The project results have 
persuaded the company of the high quality of information obtained and the operation of designing an 
integrated system for data acquisition, storage and extraction of information, following the procedure of 
mining development, are well advanced. 
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1. Introduction  

Nowadays the amount of data produced and saved in 
productive environments is huge and involves many 
activities. Processing such data can generate real business 
opportunities for companies, but the extraction of 
knowledge is not so easy to achieve. The main issue in 
obtaining knowledge, in fact, is not represented by 
collecting or reading data, but it involves the process of 
discovering new and interesting information. A solution 
to this problem is Data Mining, that is the automatic or 
semi-automatic discovery of knowledge in a large data set 

(Grossman et al., 2001). This field of study, born from the 
need to find valuable information in large data collections, 
founds its bases in statistical disciplines and database 
management. Although this approach hasn’t spread 
quickly in technical disciplines, it has recently successfully 
applied in various fields of industry: design,  quality 

control, maintenance management and marketing 
(Chouhary et al., 2008). Collected data have become focus 
of interest to ensure innovation and the information 
available within the company creates the need to be 
investigated (Dulli et al., 2009). This need was the spark 
that lighted this research project.  
The aim of the study is to create a data mining model, 
with the capabilities to obtain behavioral patterns and, 
more generally, new informations. The survey is based on 
data gathered from a multinational, world leader in the 
production of household appliances. The analyzed data 
were accumulated from maintenance on products during 
the warranty period. The products are equipped with 
memory cards that store data, which are integrated with 
other information from call center and technicians.  
The company currently doesn’t have an automatic system 
to investigate these data. The findings of this study, since 
positive, have motivated significant investment to enable 



regular data mining activities within the regular business 
and decision-making processes. 

2. Methods 

2.1Data Mining 

Data mining is the application of one or more techniques 
allowing the exploration of a large amount of data, with 
the aim of identifying the most significant information 
and make them available and used directly in decision 
making (Dunham, 2003). The key to the success of data 
mining is its integration in many business activities, 
facilitating communication and collaboration between 
analysts and users of the results. This objective can be 
achieved by following the virtuous cycle of data mining, 
which is: identification of the business problem, 
transformation of data into information and reports, 
implementation and performance measurement (Berry, 
2000). Data mining is often seen as a specific step in the 
overall process of Knowledge Discovery in Databases 
(KDD), whose additional phases are the preparation, 
integration and interpretation of results and information 
already known to ensure accessible and useful knowledge. 
In industrial applications, two sorts of data mining are 
used: predictive and descriptive (Kusiak et al, 2007). 

Predictive data mining aims at building models to forecast 
an outcome, as a stock level. Descriptive data mining, 
adopted in this project, tries to discover pattern as, for 
example, item configurations in mass production. 
Literature presents distinct approaches for constructing 
global descriptive models (Platon, Amazouz, 2007), 
including: 

 methods based on probability distributions and 
densities, describing data in terms of their underlying 
distribution or density function; 

 cluster analysis and search for correlations between 
variables, which decomposes the data set into groups 
and examine the relationship between variables of 
interest; 

 outlier detection, where abnormal data behavior is 
identified. Cut-off or threshold values are often the 
basis for important decisions. 

Considering the type of data available, their relative 
abundance and the intent of the study, our model 
development was based on contingency analysis and 
cluster analysis, and its goodness was confirmed through 
hypothesis testing. 

2.2 Data Set 

Once a customer phones the support, if the call center 
considers it necessary, a technician is sent. Morover, some 
data are recorded, as the product serial number and the 
date of purchase. The technician performs its task by the 
client and, using a PDA, downloads the data stored in the 
product’s memory card. The information downloaded 
from the machine consists of: counters about overall 
usage, information on the last 5 cycles, on the last 5 
errors, on the 5 most recent alarms, detailed information 
on the last cycle and a Black Box (a snapshot at the failure 
time). 

In this way both information contained in the technician 
report and the data recorded by the machine during its life 
are collected. Data from all over Europe are stored in four 
databases and it was necessary to study an automated 
process of integration, to standardize data, differing for 
the geographical variants in hardware and software of 
products. The sample available for this research project 
consisted corresponded to warranty service actions during 
a whole year. 

2.3 Contingency analysis 

In empirical research, it may be necessary to analyze large 
arrays of data without knowledge or indication about 
connections between the variables. In addition, a large 
number of data, usually shows variables of different 
nature, both quantitative and qualitative: data collection 
often involves attributes, categories and numerical values. 
Contingency analysis is a valuable approach which can be 
applied if the dependent variable is cardinal or type rated, 
while the independent variable can be either numeric or type 
rated. 
Contingency analysis shows the two selected variables in a 
table, to highlight possible associations between their data 
and to infer correlations; in particular, contingency tables 
(Table 1) describe the allocation of a joint set of data as a 
function of two variables. 

Table 1. Contingency table with dichotomous variables. 

 
Var2 

Mode1 
Var2 

Mode 2 
Total 

Var1 Mode1 
Count a b a+b 

Expected  c d c+d=a+b 

Var1 Mode2 
Count e f e+f 

Expected  g h g+h=e+f 

Total 
Count a+e b+f T 

Expected  c+g d+h T 

 

The table shows the observed frequencies (Count) and the 
expected frequencies (Expected). A noticeable difference 
between Expected and Count, suggests a link between the 
variables. Such data are crucial for the calculation of Chi-
square (χ²) statistical test, which proves the strength of a 
link between the two variables: 
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The test applies to the null hypothesis   , which states 
that the variables are mutually independent. The more the 
difference between observed and expected frequencies is 

great, the more the    value is high. Thus, the probability 
that these differences are due to chance is low and the null 
hypothesis will be refused, implicitly accepting the 

alternative hypothesis    stating a dependence of the 
variables. This method was used to verify the existence of 
two separate relationships: a first one between a certain 
type of failure and the operational settings of the machine 
immediately before the fault itself; a second relationship 
between the failure and the cluster membership of the 
machine, defined by the cluster analysis described below. 



2.4 Cluster analysis 

Cluster analysis is a set of multivariate investigation 
techniques aiming at selecting and grouping homogeneous 
elements inside a data set. Cluster analysis is one of the 
most widely used techniques in data mining and related 
applications in production scenarios (Harding et al, 2006). 
There are two types of enquiries applied to quantitative 
data: the hierarchical cluster analysis and the non-
hierarchical cluster analysis. Both of them determine the 
difference between the items by measuring the distance 
between them. A hierarchical classification requires a 
taxonomy to which the units are forced to adapt. In this 
analysis, data are not partitioned in a number of clusters in 
a single step, but rather there are a number of stages. The 
starting point of the classification can be a single cluster 
containing all individuals or a cluster formed by a single 
individual. In the first case, the hierarchical clustering 
algorithm proceeds by successive partitions, in the second 
for mergers. 
Most of the criteria generating non-hierarchical partitions 
consist of running a sequence, even iterated, of three 
procedures: 1) begin the process of classification, 
identifying a provisional solution; 2) assign entities to 
“characters” identified in the first phase;  3) assign entities 
to groups other than those previously identified by 
maximizing an objective function. To initialize the 
analysis, analyst exploits informations already known 
about groups. The most commonly used method for non-
hierarchical cluster analysis is the k-means method, where k 
is the number of groups defined by the user. 
In the cluster analysis more than one algorithm is 
applicable and it is difficult to choose one certain method. 
The decision depends on the type of data and on the goal 
of the research (Kaufman et al., 2005). The methodology 
proposed in this project includes: application of 
hierarchical cluster analysis and identification of a 
reasonable number of groups (k) to divide the sample, 
application of the k-means algorithm and clustering 
optimization, calculation of goodness test. To determine 
the clustering goodness, a frequently used criterion is the 
one based on the decomposition of the total deviation of 
all variables, such as Ward's method (Giudici et al., 2003). 
This method verifies that there is a low deviance within 
groups, so the clusters are characterized by similar units, 
while there is a high deviance between groups, ensuring 
the diversity of the clusters formed. The criterion is based 

on the calculation of   :  

     
         

        
  

          

        
 

The higher the value of   , the better is the grouping. 
K-means is the clustering algorithm most widely used in 
practical applications (Wu et al., 2007): simple, easily 
understood and reasonably scalable, thus satisfying the 
main requirements for a data mining system (Chen et al., 
1996). It can be easily modified in response to the 
characteristics of the data and is object of constant study 
and improvement. The initial application of a hierarchical 
algorithm to the data set also avoids the sensitivity to 
initialization, giving the user an ideal number of k groups. 

The cluster analysis was used to determine classes of 
operation during the last cycle of the products and to 
identify classes of use. 

3. Results 

This section describes the data mining model. It consists 
of the following phases: 

1. analysis and initial treatment of the available data; 

2. first Level Contingency Analysis. Finding a link 
between the variables that describe the machine 
before failure and a type of machine breakdown; 

3. first Level Cluster Analysis. Searching machines 

behavior classes during the last cycle; 
4. second Level Contingency Analysis. Verifying the 

existence of links between the fault of the machine 
and clusters membership; 

5. second Level Cluster analysis. Searching for 
customers behavior classes, analyzing historical 
variables. 

Analyses were performed using a commercial software. 

3.1 Data analysis 

Data mining best practices include the following activities: 

1. Keep track of the anomalies in the data set 
(incomplete, unclear or incorrect data). 

2. Process the data to make them suitable for analysis.  

The sample consists of 509 units belonging to two main 
families: 11% model A and 89% model B. 35 Machines 
never made any cycle: 5 model A and 30 model B. These 
machines have failed due to electronic problems. The 
variables related to the operative settings of this units are 
completely empty, the only values reported are: fault,  
prefault and variables in the black box. The sample is not 
large enough, and we couldn’t make an in-depth analysis 
on these 35 machines.  
To ensure the relative abundance of observations and the 
ability to carry out the analysis, some faults were grouped 
into classes of homogeneous failure types. Faults not 
relating to a single component were excluded. To carry 
out the contingency analysis we created the binary variable 
"pressure control device (PCD) fault", which contains 
observations relating to two modes of the same 
component. 
The number of variables was very high; variables were 
merged to make the available information more consistent 
and perform the selected analysis. The criteria for 
grouping the variables was developed in collaboration 
with the company experts.  
The following variables were thus grouped:  

 Cycle type.  

 Temperature selected by customer.  

 Speed selected by customer.  

3.1.1 First level contingency analysis: linkage between machine 
behaviour before failure and  detected fault 

The sample amounted to 474 units, or the machines of 
type A and B which have completed at least one cycle. In 



accordance wth the company staff, 10 significant variables 
were identified: cycle performed, selected speed, 
maximum speed reached, selected temperature, process 
protection, process preparation, cycle length, active 
options, reset. The sample was not big enough, so we 
couldn’t verify the existence of a correlation between the 
variables and every single fault code; the codes were then 
grouped into classes, listed in Table 2. 

Table 2. Fault classes with relative numerousness and 
percentage 

Fault class Counts Percentage 

No fault 204 43% 

PCD states 85 18% 

PCD pump 45 9% 

Engine 32 7% 

PCD lineare 32 7% 

X block 18 4% 

inverter 16 3% 

Pump 11 2% 

Postprocess 10 2% 

Gauge 6 1% 

Electronic failure 5 1% 

Resistence S 4 1% 

Resistence L 4 1% 

Overcurrent 2 0% 

total 474 100% 

 

The validation of every correlation was investigated 
through chi-square test, choosing a significance level α = 
0.05. 

Not all of the contingency analyses were valid. 52 
contingency tables were examined: 40.4% was not valid 
because of the presence of cells having expected 
frequencies value lower than 5. Among the valid analysis, 
14 groups showed a link between the examined variables. 

3.1.2 First level cluster analysis: grouping units operative behaviour 
during last cycle 

The cluster analysis aims to identify classes of units in 
proximity of malfunction, or during the last cycle. The 
statistical population consisted of the same 474 units used 
in previous analyses. The homogeneous sample selected 
for this cluster analysis consisted of 444 observation units. 
Missing or invalid data were removed. Among the 
significant variables, the "number of active options” was 
excluded since it didn’t describe machines operation. 
The proper application of a cluster analysis requires the 
use of quantitative variables, so the grouping into classes 
(performed in the previous phase) was not carried out 
again. The use of quantitative variables, however, posed 
the following problem: the scale of variable values were 
very different and incompatible with the Euclidean 
Distances method. Before proceeding with the analysis, it 
was therefore necessary to standardize the selected 
variables. 
Elaboration of the hierarchical cluster analysis showed 
that the sample could be split into a number of groups 
ranging between 2 and 4. So the k-means algorithm was 
applied with the value of k ranging between 2 and 4. The 

goodness of the grouping is expressed by the R2 

coefficient. 
Results show that the best index corresponds to the 
division into four clusters, with the highest R2 value of 
0.598 (with k = 2 R2 = 0.184 and k = 3 R2 = 0.280). The 
software, using k = 4, reaches convergence at iteration 5. 
Table 3 shows the numerousness of clusters detected. The 
Cluster No. 1, consisting of only 3 units of observation, 
was excluded because of little significance; other groups 
show significantly different values the variables, thus 
allowing the identification of classes of operation. 

Table 3. Numerousness and percentage of  classes of 
operation during last cycle 

 Numerousness Percentage 

Cluster 1 3 0.68% 

2 36 8.11% 

3 75 16.89% 

4 330 74.82% 

Valid 444 100% 

 

3.1.3 Second level contingency analysis: verifying the existence of 
correlation between functioning classes and fault 

This part of the study proposes to assess whether a cluster 
membership has a link with a fault variable. The fault " 
PCD states", which has the largest number of 
observations, was chosen for this application. The 
significance level chosen is α = 0.05. P-value is less than α 
and H0 hypothesis is rejected. It can be argued that a link 
exists between the variables. Figure 1 shows that the test 
is completely valid because there are no cells with value 
lower than 5. In addition, the variable fault “pressostato” 
and variable “units belong to the functioning class” appear 
to be linked, since the probability associated with the test 
result is lower than α. 

Chi-squared test α = 0,05 

 Value df Prob. 
Expected 

<5 

Pearson Chi-
Square 

73,911a 2 0.000 0 celle<5 

Figure 1. SPSS Output: χ² test associated with contingency 
table of variables “fault pressostato” and “units belonging 

to functioning classes”. 

The variables are not both dichotomous so it was not 
possible to calculate the odds ratio, but some interesting 
information could be deduced by analyzing the differences 
between observed and expected frequencies, shown in 
Table 4. Cells with larger differences have the greatest 
effect in determining the association between variables, 
and contribute more than others to the χ ² value. 

Table 4. Evaluating differencies between observed and 
expected frequencies. 

 Belonging to functioning classes 

Var 2:2 Var 2:3 Var 2:4 

Var 1: 
Fault 

PCD. 0 

Count 28 26 273 

Expected  26,7 55,6 244,7 

Differecies 1,3 -29,6 28,3 

Var 1: 
Fault 

PCD. 1 

Count 8 49 57 

Expected  9,3 19,4 85,3 

Differecies -1,3 29,6 -28,3 



Machines belonging to cluster 3 present the biggest 
difference (29.6). Table 4 shows 49 faults occurring 
compared to the expected 19.4. Even membership in the 
cluster 4 affects the value of χ ², but with opposite sign, as 
the difference amounts to -28.3: only 57 faults occur 
compared to the 85.3 expected. Membership in cluster 2 
does not cause any difference between the observed and 
the expected frequency, in fact cell’s absolute value is 1.3. 

3.1.4 Second level cluster analysis: identifying machines’ use-classes 
using the historical variables 

The point of this phase was to highlight the habits of the 
customer. The grouping analysis requires a collective 
made up of a large number of data belonging to a 
homogeneous sample. To determine the homogeneous 
sample, a careful selection of the initial group was carried 
out. Nearly half of the observation units available were 
excluded; the final sample for cluster analysis is 
characterized by 254 units. 
The significant variables provide a comprehensive 
intelligence about usage of the machine during its entire 
life. The variables selected for cluster analysis belong to 
the three above-mentioned categories: Cycle run (37 
variables) Selected speed (16 variables) and Selected 
temperature (8 variables). The variables were merged and 
normalized for the analysis of the groups. 
Three cluster analysis were performed: 

1. Cluster analysis A. Significant variables: cycle 
performed, grouped according to temperature 
criterion; selected temperature; selected speed. 

2. Cluster analysis B. Significant variables: cycle 
performed, grouped according to speed criterion; 
selected temperature; selected speed. 

3. Cluster analysis C. Significant variables: selected 

temperature; selected speed. 

The purpose of the first two analysis is to verify the 
existence of behaviour classes among the units that failed 
and to highlight the contradictions between user's 
intention and actual usage occurred. As a matter of fact, 
the options chosen in contrast to the cycle do not turn on 
and the program is carried out according to the provisions 
scheduled by the reference cycle. 
The types of processes performed were grouped 
according to two criteria, and the analysis was performed 
for each of them. The purpose of the third cluster analysis 
was to illustrate and highlight users desires. Only two 
variables selected by the customer were considered 
significant, and are spin and temperature. These clusters 
describe how customers want to run the process. 
As in the first-level cluster analysis were applied in 
succession both hierarchical clustering, to identify the 
ideal number of groups, and non-hierarchical clustering. 
The hierarchical clustering identifies for the first cluster 
analysis (A) the ideal number of groups k = 4. As an 
experiment, the k-means algorithm was run with k = 2 
and 3. Calculating R2 for every group shows that the best 
partition is obtained by dividing the initial sample into 4 
groups, with a value of R2 equal to 0.566 (with k = 2 R2 = 
0.263 and k = 3 R2 = 0.360). The software, using k = 4, 
comes to convergence at the tenth iteration. Table 5 

shows the groups found in the first analysis of use-classes 
among the units that failed. 

Table 5. Numerousness and percentage of  clusters found 
by analysis A 

Analysis A Numerousness Percentage 

Cluster 1 15 5,90% 

2 37 14,57% 

3 129 50,79% 

4 73 28,74% 

Valid 254 100% 

 

The hierarchical cluster analysis B identifies an optimal 
number of groups k = 2. As an experiment, the k-means 
algorithm was performed using k = 3 and 4. Calculating 
R2 for all groups, shows that the best partition is obtained 
by dividing the initial sample into 4 groups; the R2 value is 
0.564 (with k = 2 R2 = 0.255 and k = 3 R2 = 0.367). The 
software, using k = 4, comes to convergence at the sixth 
iteration. Table 6 shows the groups found in the second 
analysis of use-classes. This case considers grouping by 
temperature criteria. 

Table 6 Number and percentage of  clusters in analysis B 

Analysis B Numerousness Percentage 

Cluster 1 16 6,30% 

2 68 26,77% 

3 130 51,18% 

4 40 15,75% 

Valid 254 100% 

 
Considering the "ability" of the user, the amount and type 
of options and programs set, the four clusters of users 
have been nominated for both the analysis: "suspicious", 
"active", "delicate" and "aware". The division into groups 
is an example of the potential offered by the model and 
was then subjected to the analysis of company staff and 
senior management, considering possible further 
investment and investigation. The hierarchical cluster 
analysis C identifies two possible values for ideal 
grouping: k = 2 and k = 7. The k-means algorithm was 
applied with all values of k ranging from 2 to 7. 
Calculating R2 for all groups shows that the best partition 
is obtained by dividing the initial sample in 7 groups, 
having the highest value of R2 equal to 0.804 (with k = 2 
R2 = 0.391, with k = 3 R2 = 0.572; with k = 4 R2 = 0.700, 
with k = 5 R2 = 0.743, with k = 6 R2 = 0.770). The 
software, using k equal to 4, comes to convergence at the 
seventh iteration. The analysis shows clearly the different 
behaviors and desires of users. Table 6 shows the groups 
defined to describe such behavior. 
Table 6. Number and percentage of clusters in analysis C 

Analysis C Numerousness Percentage 

Cluster 1 28 11,02% 

2 32 12,60% 

3 40 15,75% 

4 10 3,94% 

5 22 8,66% 

6 118 46,46% 

7 4 1,57% 

Valid 254 100% 



Figure 2 shows a qualitative representation of speed (S) 
and temperature (T) settings for each cluster. 

 
Figure 2. Speed (S) and Temperature (T) indicators for 

each user class. 

4. Discussion of results 

The initial sample amounted to 94 units of observation. 
After a year of, the total sample used to develop the 
research project consists of 509 machines that failed. The 
data analysis shows that there are: 

 Xi variables that describe the effective life of the 
machine. Counters used to describe the use of the 
machine and historical variables (information of 
global use) 

    variables describing the functioning of the 
machine immediately before the occurrence of the 
fault (last five cycles data, last cycle data and black 
box data) 

    variables, describing the failure itself, classified by 
machine internal diagnosis or through the engineer's 
report. 

The research hypotheses are formulated as follows: 

 In the data set exists a function 

            
or, there are connections between data concerning 
machine operative behaviour and detected faults. 

 There are potentially useful patterns hidden among 
data. 

The starting point of the study was to determine whether 
correlations were present between the data of the last five 

cycles and the fault detected by the machine.    variables 

are both quantitative and qualitative, while    variables are 
nominal.  The most suitable approach for this type of data 
was the contingency analysis. Not all of the contingency 
analysis were valid. 52 contingency tables were examined, 
only 31 are valid analysis. Among these, only 14 
associations have shown a link between the variables 
examined. Where possible, odds ratio was calculated to 
quantify the degree of the association between variables. 
Moreover most relevant cells were highlighted, those that 
contributed more than others to the χ ² value. 
The results of the first phase of the project indicate that 
new informations were discovered in the data. This 
informations can be useful to both Design and Service  

divisions. The limit of this analysis was the lack of 
observation units. 
First-level analysis verifies the existence of clear 
correlations between the data and identifies significant 
variables to perform further analysis. The information 
obtained from the first phase were used to select variables 
for cluster analysis. The groups determined by cluster 
analysis describe how the machines work in the 
immediacy of the fault. The analysis has identified three 
representative groups. Clustering was also useful to check 
the linkage between a specific fault and membership to 
these groups. The analysis showed the existence of a link 
between the two variables: membership of the cluster 3 
and cluster 4 influenced the high value of chi-square test. 
Characteristics of cluster 3 and cluster 4 were analyzed to 
verify the presence of a correlation with the results from 
contingency tables. We can say that there is a match 
between the characteristics of cluster 3 and 4 and the 
results of the contingency between fault "pressostato" and 
the variables of the last cycle. 
To highlight the potential of data mining a cluster analysis 
has been applied using Xi historical variables. This cluster 
analysis aims to identify use classes of machinery. These 
classes describe how customers use the units. More 
specifically, three different analysis were applied, as 
exposed in the previous section. By analyzing the clusters 
obtained we can say that the methodology has been 
applied successfully, in fact, cluster analysis should 
provide non-trivial results, retrospectively interpreted by 
analysts in a quantitative way (Milanato, 2008). These 
three cluster analysis outlined several characteristics of the 
users, characteristics that were not previously known and 
can be used by a number of stakeholders within the 
company, as Marketing, Service and Design divisions. 

5. Conclusions 

This research project has shown the potential of data 
mining techniques applied to corporate data available in a 
company. The analysis can be used as a prototype to 
develop a structured approach to data mining, once a 
larger sample has been collected. To date, the sample 
available for the study is too small to complete a research  
with a high level of detail, and the company does not have 
an automated process for collecting and integrating data. 
However, although the study was not supported by 
thousands of units of observation, has demonstrated the 
practical possibility of finding new knowledge from data. 
Furthermore, the application of the model allowed us to 
test and verify the methods, deepening their theoretical 
treatment and their practical application. 
Creation of a database or data warehouse and an 
integrated data mining system are the future developments 
of this projects. The automatic procedures will reduce the 
activity of data cleaning and pre-processing and financial 
investment would be offset by a concrete help in making 
strategic choices and new business opportunities arising 
from the new gathered knowledge. 
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