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Abstract: This paper shows some benefits that the methodology of Knowledge 

Discovery in Databases (KDD), using the data mining technique, can bring 

when used in databases that store data on the health of population, 

describing the analytical process applied in the identification of the behavior 

of viral hepatitis. The KDD process involved the application of the 

classification technique on 2003 data, stored in the Notifiable Diseases 

Information System of Paraná Health Department. Sixty-five characteristics 

of 3.063 investigation forms were analyzed, resulting in 4 decision trees and 

99 classification rules. Of these rules, 60 were analyzed and the other ones 

were discarded because they did not contemplate enough examples to be 

considered valid or they had a high number of errors. The method enabled 

the database to be explored thoroughly, as well as enabling an increased 

number of appraised characteristics, the identification of problems relating 

to the quality of the data and to information routinely used by the 

epidemiological surveillance service. It was also possible to discover the 

occurrence of hepatitis B in its chronic form in children under 13 years old. 

This knowledge, unperceived in the original database, can help in the 

formulation of new policies, suggesting the importance of this method as an 

form of scaling up routine strategies, with the aim of reducing and 

controlling diseases. This technology contributes towards the exploration of 

the data stored by the various Health Information Systems. 
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1. INTRODUCTION 

Disease control and prevention, harm reduction, increased health promotion and 

increased life expectancy are amongst the most important tasks attributed to Public 

Health services.1 For this to be possible there must be continuous enhancements to 

areas such as epidemiological surveillance, whether it be through the advancement of 
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knowledge on the health-disease process, or through the scaling up of methodological 

and technical information resources that contribute towards the identification of 

behaviors and how the main problems that daily affect individuals and groups are 

distributed. This process enables the establishment of actions that improve both health 

and quality of life standards [1].  

Currently in Brazil an important source of the knowledge used in the process of 

epidemiological surveillance is the information captured and stored by means of several 

different Health Information Systems (HIS), used by the Brazilian Ministry of Health 

(MoH) and the State and Municipal Health Departments [1]-[2]-[3]. Since 1994 the 

system that officially holds data on compulsorily notifiable diseases throughout the 

entire country is the Notifiable Diseases Information System (known as SINAN in 

Portuguese).1 This system provides the information used in formulating strategic 

policies, at Municipal, State and Federal, level for the control and prevention of 

notifiable diseases [2]. 

The problem approached by this study was the identification of the behavior of 

viral hepatitis, by using the Knowledge Discovery in Databases – KDD method, and the 

data mining technique. The purpose of the study was to contribute towards 

epidemiological surveillance efforts to enhance information available for decision-

making and the implementation of better-founded actions.  

Of the diseases that are notified and constantly investigated through the SINAN 

system and which are subject to epidemiological surveillance, viral hepatitis is the one 

that most occurs in the population in the State of Paraná, with approximately 5,000 new 

cases each year [4]. Hepatitis is currently a disease that the World Health Organization 

(WHO) is closely accompanying, since in some of its forms it can evolve into chronic 

liver cancer or even lead to death, in addition to its high transmission potential. It is 

believed that 3% of the world’s population is infected with hepatitis C and 5% with 

hepatitis B, so that hepatitis accounts for more cases of infection than the AIDS virus 

[2]-[5]. 

The extraction of information from databases, such as those relating to hepatitis 

on the SINAN system, is carried out routinely using manual procedures that require 

large operational efforts whilst not being efficient. A further procedure involves the use 

of structured queries or the use of TABWIN (data tabulation software supplied by the 

Ministry of Health). These procedures are self-limiting with regard to the amount of 

characteristics assessed, thereby restricting the acquisition of knowledge and requiring 

long processing times. 

In order to improve the efficiency of the extraction of relevant and, possibly, 

innovative data contained in large databases, such as the SINAN system, the use of 

KDD as an alternative is proposed [6]-[7]. In terms of health services, KDD has been 

used with the aim of extracting useful knowledge which may assist in disease 

prevention, obtaining more accurate medical diagnoses, treatments, prognoses, detection 

of anomalies, control of hospital infections and epidemiological research.[8]-[9]-[10]-

[11]-[12] 
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Figure 1 KDD Process 

Generally speaking the KDD process is divided into three stages: pre-processing, 

data mining and post-processing, as shown in Figure 1 [7]. 

Pre-processing involves the acquisition of databases that may contain useful 

information on the domain in question. Later, the characteristics which represent this 

domain are selected and the data refined, so that duplicated records are removed, as are 

absent data, values are normalized, outliers (values that do not follow general data 

distribution patterns) are also removed, in order for the data to be prepared so that it can 

be processed in line with the defined target [11]. 

In the data mining stage the data is transformed into information by means of 

finding regularities, restrictions, patterns and significant relationships [7]-[11]. Three 

possible techniques can be carried out during the KDD process: clustering, association 

and classification. In this study, with the aim of keeping the description as brief as 

possible, only the technique that was selected will be dealt with, since it appeared to be 

the most coherent and robust in relation to the objectives of the study, namely the 

classification technique. This consists in discovering the relationship between possible 

predictive attributes and the target attribute. These relationships are represented by a 

decision tree and can be described through rules of classification. Some mined attributes 

generate a complete tree, containing all the relationships encountered, whilst simplified 

trees are less complex [7]-[11]  

During post-processing the results obtained using the mining algorithm are 

represented graphically, in addition to being analyzed and interpreted, thereby 

concluding the KDD process and generating the obtainment of knowledge [7]-[11] 

Despite the use of KDD in health services, no published studies were found in 

the literature that relate the exploring of databases used by the public health service in 

Brazil as sources of information on viral hepatitis. However, it is a recognized fact 

among the community of those interested in the KDD method that databases relating to 

viral hepatitis represent a challenge in terms of generating good results. As such, during 

a world conference held in Italy in 2004 the challenge was made to discover relevant 

patterns through the use of a database containing information on hepatitis patients [13].  

Therefore the objectives of this study were defined as being: (a) to explore the 

data stored on the SINAN system, whereby the researchers took the epistemological 

stance of suspending any pre-established concepts on viral hepatitis; (b) to discover and 

portray the epidemiological profile of viral hepatitis, using KDD, verifying the 

relationships between the diverse attributes of the database in the identification of the 
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aetiological classification of hepatitis, through trees and rules generated by a mining 

algorithm; (c) to identify the attributes contained on the hepatitis investigation forms 

that are most relevant for defining their aetiological classification; and (d) to evaluate 

the quality of the stored data. 

2. METHODS 

During the pre-processing stage, data was acquired from the viral hepatitis 

investigation from records on the SINAN system, relating to the year 2003 in Paraná. 

The system held 5,063 investigated cases. Some of the 134 attributes existing on the 

spreadsheet that was generated were not taken into consideration, as exemplified in 

Table I. Specifically these attributes were: patient identification data (27), data on the 

hospital (10), data on dates (7), data with a low percentage of replies (25), as well as 

attributes that could not be identified using the data dictionary or the investigation form 

dictionary, or those without adequate values, such as: profession – which is a field that 

is not filled in properly.  

Table I Example of removed attributes 

Field Description % Filled in 

in_aids Not in the data dictionary 0.00% 

imunihres Immuno-Histo-Chemical 0.12% 

parceiros Not in the data dictionary 0.26% 

sanaguaout Not in the data dictionary 3.69% 

genotipo HCV RNA / PCR /genotype 4.74% 

As such, 65 attributes remained in the database and were effectively analyzed. In 

order to verify hepatitis behavior, only confirmed cases of the disease were analyzed: 

therefore, only 4,738 of the initial 5,063 records were included. 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 2 Distribution of confirmed cases per aetiological classification  
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number of recorded cases of HAV and HBV with the number of confirmed cases, as can 

be seen in Figure 2. 

During the data mining stage the C4.5 algorithm was used. It enables 

comprehensible results to be generated, in addition to being a tool that is widely used by 

KDD researchers [14]. This algorithm was initially used using the wrapper method in 

order to obtain a set of attributes best able to distinguish between the behavior of 

hepatitis A and B. This method involves the addition or removal of attributes used as 

predictors of a given aetiological classification, thereby enabling the calculation and 

analysis of error rates resulting from the application of the algorithm. The attributes 

resulting from each iteration (application of the algorithm) are used as the input for the 

next application and this process is repeated in a cyclical manner until the criterion for 

concluding the application of the algorithm is reached. In this study, the use of all the 

input attributes in the formation of both complete and simplified decision trees was the 

criterion for determining the final iteration.  

The data mining stage was carried out twice when selecting the attributes, once 

using the wrapper methodology and a second time using the characteristics routinely 

assessed by a specialist (epidemiology professional who routinely works with the 

SINAN system).  

During the wrapper method stage 64 prediction attributes were used initially in 

addition to the target attribute, defined as the aetiological classification. In the first 

iteration the algorithm used 18 and 12 characteristics (attributes), respectively for the 

complete and simplified trees, distinguishing between hepatitis A and B. The second 

iteration used only the 18 characteristics of the complete tree as predictors. This process 

resulted in the use of 17 and 12 attributes, respectively. This process was repeated six 

times.  

During a second stage of data mining, conceived as an alternative means of 

contents validation, the algorithm was applied to the characteristics routinely assessed 

by the specialist with the aim of comparing the specialist’s results with the results 

relating to the set of attributes obtained using the wrapper method. The set of attributes 

indicated by the specialist included aetiological classification, age of the patient, and 

vaccination against hepatitis B, its form, evolution and confirmation of the diagnosis. In 

this case the set of attributes selected using the wrapper method as being the most 

representative in distinguishing hepatitis A and B included: AgHBs and Hav-IGM 

testing, the evolution of the disease, previous suspected infection, form of the disease, 

municipality of residence and of notification and the patient’s age, vaccination against 

HBV and three or more sexual partners. 

During the post-processing, in order to facilitate the analysis of the results in the 

most objective manner with the help of the specialist, statistics and graphic 

representation were used, by means of decision trees, graphs and maps. Classification 

rules were followed in the production of the text. 

3. RESULTS AND DISCUSSIONS 

In all, four decision trees were generated, being two complete and two simplified 

trees. One complete tree and one simplified tree resulted from iteration with those 

attributes identified by the wrapper method as being the most representative, whilst the 
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others resulted from the application of the data miner algorithm to the attributes 

indicated by the specialist. As the graphical representation method used was the same 

for all the trees, in this study only the graphic representation of the complete tree will be 

presented, having been generated from the attributes identified by the wrapper method 

as being more representative. This tree resulted in 49 classification rules for 

distinguishing hepatitis A and B. The lowest number of decisions, or tests, needed to 

classify both aetiologies was six, whilst the highest number of tests in this structure was 

seven. The graphic representation of the complete tree generated using the wrapper 

method can be seen in Figure 3. 

Exemplifying the interpretation of the tree, the first node represents whether the 

HAV-IgM test is reactive or not. Therefore, in the case of rule 1, once the HAV-IgM test 

is proven to be reactive, the form of the disease is checked to determine whether it is 

chronic or fulminant hepatitis, whether the patient or the infection is asymptomatic, thus 

classifying the target attribute as hepatitis B; the remaining rules can be interpreted in a 

similar manner.  

The structures relating to the simplified tree obtained from the fifth iteration and 

the trees resulting from the attributes indicated by the specialist were represented in a 

similar manner [6]. 

The process of transforming the structure of the decision tree into classification 

rules generated 31 rules, of which only 18 were evaluated, as 5 did not contemplate any 

of the records and the remainder presented a probability of accuracy of less than 1%, 

being nearly 100% incorrect, and were therefore discarded. 

 

Table II  Tree structures 

Number of 

Attributes 

Tree 

No. of attributes 

used in the best 

classification 

Highest 

Level 

Number of Rules 

Structure Nodes HAV HBV Generated Evaluated Zeroed 

11 
Simplified 31 5 3 6 19 11 3 

Complete 49 6 6 7 31 18 5 

6 
Simplified 14 3 1 4 8 7 1 

Complete 74 4 2 12 41 24 7 
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Figure 3  Complete tree using the wrapper method 
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Table III  Results of the statistical calculations 
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 1st  469 31 22 397 96% 7% 94% 95% 94% 6% 5% 

 2nd  469 31 22 397 96% 7% 94% 95% 94% 6% 5% 

 3rd  469 31 22 397 96% 7% 94% 95% 94% 6% 5% 

Wrapper 4th  469 20 22 408 96% 5% 96% 95% 95% 4% 5% 

 5th  476 20 15 408 97% 5% 96% 96% 96% 4% 4% 

 6th  476 20 15 408 97% 5% 96% 96% 96% 4% 4% 

Special-list 7th  447 31 44 397 91% 7% 94% 90% 92% 6% 10% 

 

The rule identified as being the most relevant in this study (rule 15) was the one 

that enabled the identification of municipalities with cases of chronic HBV in children 

under 13 years old. This information as well as information on the other structures is 

available in Table II. 

Table III shows the results of prediction and of the statistical calculations used to 

evaluate the attributes used in each iteration. 

In the statistical analysis, it was observed that the first iterations were the ones 

that resulted in the highest specificity values. In the fourth iteration, an improvement 

was obtained in relation to the positive predictor value and accuracy. The fifth and sixth 

iterations generated similar results and produced the best values in relation to the other 

iterations regarding sensitivity rates, negative predictor values, and rate of correct 

results and lowest proportion of false negative values. 

The fifth iteration using the wrapper method was considered the best iteration as 

it presented the best statistical results and the smallest tree structure. When comparing 

the statistical results of the fifth iteration with the results obtained by applying the C4.5 

algorithm, in relation to the attributes indicated by the specialist, it was found that the 

set of attributes indicated by the specialist only presented better results for specificity. 

4. Conclusions and Future Perspectives 

Considering the limitations of this study, principally in relation to the quality of 

the data available in the database that was studied, it would appear to be reasonable to 

admit that it produced relevant results. This allows us to suggest the importance of 

scaling up the methodological repertoire used with non-standard technologies being 

incorporated in the production of information that is useful for epidemiological 

surveillance. 

Even at the pre-processing stage, it was possible to identify problems with the 

stored data, both in relation to some fields not being filled in and others not being filled 
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in properly. In addition, some fields in the database did not exist on the investigation 

forms, or even in the data dictionary. The lack of the use of database consistency 

routines was also identified. All these observations are important in the case of an 

epidemiological surveillance system, in relation to which a high level of reliability and 

consistency is expected, since it has important repercussions on the health of the 

population.  

In the data mining stage the wrapper method made it possible to verify that, of 

the set of attributes on the SINAN system investigation form, those that best distinguish 

between hepatitis A and B are: AgHBs and HAV-IgM testing, evolution of the disease, 

previous suspected infection, form of the disease, municipality of residence and of 

notification and the age of the patient. When the attributes selected automatically by the 

mining tool were compared to the attributes selected by the specialist, coincidence 

occurred in relation to the patient’s age, vaccination against hepatitis B, as well as its 

form and evolution. Regarding the attributes routinely used by the specialist, 

confirmation of the diagnosis was the only attribute not identified by the wrapper 

method. 

In the post-processing stage, among the results produced using the C4.5 

algorithm, confirmation was obtained of some aspects of hepatitis that are already 

known and that have already been related in the literature. However, an important 

contribution originated through the use of KDD, recognized as new knowledge, was the 

identification of early cases of chronic hepatitis B patients, namely in children under 13 

years old. These cases may possibly be related to the vertical transmission (mother to 

child) of the hepatitis B virus (HBV). There are indications that the risk of the disease 

evolving into cirrhosis or cancer of the liver is 25% greater in these individuals [5]. 

The recommended procedure for avoiding this type of infection is the joint use 

of immunoglobulin and vaccination against hepatitis B in the first 12 hours of the lives 

of children born to mothers infected with HBV. This practice reduces the possibility of 

vertical transmission by 90% [5]-[15]. Identification of HBV in pregnant women can 

reduce potential sources of infection both of the mother, by using correct prevention 

measures, and of the child, by means of vaccination. People with chronic HBV become 

reservoirs of the hepatitis B virus and provide continuity to the disease’s transmission 

chain [15].  

It is thought that there are currently more than 325 million people with chronic 

HBV, or approximately 5% of the world population. In addition, this disease is 

responsible for around one million deaths each year globally [5]. It is believed that the 

magnitude of the disease is due to it being 51 to 100 times more infectious than AIDS, 

since HBV can be transmitted both by sexual contact and by contact with the skin. As 

for cases due to vertical transmission, in Brazil it is thought that the test for detecting 

HBV in pregnant women should be adopted as a routine part of public health service 

ante-natal care, similar to the United States, thereby reducing the number of people 

infected. 

Geographic representation of chronic cases of HBV in children under 13 years 

old enabled it to be verified that, excluding the cities with the largest number of 

inhabitants (Curitiba and Londrina), the southwest region of the State of Paraná has the 

highest concentration of patients infected with the disease. This knowledge, as well as 
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other knowledge generated by applying KDD, including knowledge on the quality of 

the database used in epidemiological surveillance, is important for the State’s 

epidemiological surveillance policy and for the definition of strategic actions for 

improving the health of the population. 

Exploring and analyzing health data usually results in complex implications, 

since disease behavior depends on a variety of factors, and changes over the years. For 

this reason, the use of fixed reports, or pre-defined analysis, results in limitations when 

the aim is to identify new behaviors or characteristics of diseases. The use of KDD has 

enabled the generation of rules, patterns of regularities and characteristics of the 

diseases from the data available on the database, and not just from the literature or the 

routine activities of the specialist. This increase in methodological possibilities not only 

enabled the confirmation of previously known data, but also new relevant knowledge, 

as well as inconsistencies, irregularities, exceptions.  

In this study it was possible to: a) explore diverse characteristics of viral 

hepatitis, identifying relationships existing between the predictive characteristics and 

generating rules for classification for aetiological specification; b) identify individual 

cases of HBV infection in low age groups, at an advanced stage of the disease, which 

was a fact that the epidemiological surveillance had not previously observed; c) to 

verify the existence of discrepancies and/or inconsistencies in relation to the 

investigation form, the data dictionary and the database available on the SINAN system, 

in addition to identifying flaws in the filling in of the data. 

It was seen that the use of KDD enabled the identification in databases of public 

health problems that otherwise are hidden and need to be detected. It was also possible 

to explore data on viral hepatitis in detail, thereby making it possible for the 

epidemiological surveillance service to have better knowledge of the structure and the 

stored data on this illness, thereby enabling it to improve its prevention and control 

actions and policies. Was better harnessed the potential of data from the use of 

technology. 

The recommendation is therefore made to Paraná’s State Health Department and 

to other bodies responsible for epidemiological surveillance to use and explore the data 

available on other diseases stored on the SINAN system, as well as to apply KDD to 

other Health Information Systems. 
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