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Abstract:  knowledge management, data mining, and text mining techniques have been adopted in various successful biomedical 
applications in recent years. Data Mining (DM) is the most important subfields in knowledge management (KM). It has been proven 
that data mining can enhance the KM process with better knowledge. In this paper, we investigate the application of DM 
techniques for mining knowledge of the patient record. The patient record represents documents of the patient’s examinations and 
treatments. Data Mining is the process of “mining” or extracting information from a data set and transform it into an 
understandable structure for further use. We propose a methodology for mining medical knowledge based on the Bayesian 
Classification to predict and detect anomalies in breast cancer. We use the Naïve Bayes Algorithm to develop this methodology. We 
illustrate the knowledge mining process by real examples of medical field. We investigate through these illustrations how 
knowledge is better mined and thus, reused when applying concepts and techniques of Data Mining. On the other hand, we 
investigate the potential contribution of the Naive Bayesian Classification methodology as a reliable support in computer-aided 
diagnosis of such events, using the well-known Wisconsin Prognostic Breast Cancer dataset. Finally, we will demonstrate the 
suitability and ability of the Naive Bayes methodology in Classification/Prediction problems in breast cancer. 
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1. Introduction 

Knowledge management (KM), data mining (DM), and text mining techniques have been adopted in various successful 
biomedical applications in recent years. Knowledge management techniques and methodologies have been used to 
support the storing, retrieving, sharing, and management of multimedia and mission-critical tacit and explicit 
biomedical knowledge. Data mining techniques have been used to discover various biological, drug discovery, and 
patient care knowledge and patterns using selected statistical analyses, machine learning, and neural networks 
methods. Text mining techniques have been used to analyse research publications as well as electronic patient 
records (Chen, Fuller, Friedman and Hersh, 2005). 

There is no universal definition of KM. KM could be defined as the process of collecting and identifying useful 
information (knowledge acquisition), transferring tacit knowledge to explicit knowledge (knowledge transfer or 
creation), sharing the knowledge in the repository (organizational memory), disseminating it through the whole 
organization (knowledge sharing), enabling employees to easily retrieve it (knowledge retrieval) and exploiting and 
usefully applying knowledge (knowledge leverage), (Demighaa, 2015). In the biomedical context, knowledge 
management practices need to influence existing clinical decision support, information retrieval, and digital library 
techniques to capture and deliver tacit and explicit biomedical knowledge, (Chen, Fuller, Friedman and Hersh, 2005). 

Data Mining refers to “extracting” or “mining” knowledge from large amounts of data (Han and Kambar, 2006). Data 
mining is an essential part of knowledge management (KM). It has been proven that data mining can enhance the KM 
process with better knowledge. Wang and Wang (2008) point that data mining can be useful for KM to share common 
knowledge of business intelligence context among data miners and to use data mining as a tool to extend human 
knowledge. Data mining tools could help organizations to discover the hidden knowledge in the enormous amount of 
data, (Wang and Wang, 2008). 

Data mining is often used during the knowledge discovery process and is one of the most important subfields in 
knowledge management. Data mining aims to analyse a set of given data or information in order to identify novel and 
potentially useful patterns (Fayyad, Piatetsky-Shapiro and Smyth, 1996).These techniques, such as Bayesian models, 
decision trees, artificial neural networks, associate rule mining, and genetic algorithms, are often used to discover 
patterns or knowledge that are previously unknown to the system and the users (Dunham, 2002), (Chen and Chau, 
2004). Data mining has been used in many applications such as marketing, customer relationship management, 
engineering, medicine, crime analysis, expert prediction, Web mining, and mobile computing, among others.   
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The application of information mining techniques to the medical domain are useful in extracting medical knowledge 
for diagnosis, decision-making, screening, monitoring, therapy support and patient management record. This will 
enhance patient safety and structure data during the acquisition process of data.  

Text mining aims to extract useful knowledge from textual data or documents (Hearst, 1999), (Chen, 2001). Whereas, 
text mining is often considered a subfield of data mining, some text mining techniques have originated from other 
disciplines, such as information retrieval, information visualization, computational linguistics, and information science, 
(Chen, Fuller, Friedman and Hersh, 2005). 

Text mining also has been applied to patient records and other clinical documents to facilitate knowledge 
management. It adopts a process similar to that of text mining from literature. For example, the system reported by 
Harris et al. (2003) extracts terms from clinical texts. Using natural language processing techniques, the MedLEE 
system (Friedman and Hripcsak, 1998) has been applied to free-text patient records. It extracts useful entities in order 
to identify patients having tuberculosis or breast cancer based on their admission chest radiographs and mammogram 
reports, respectively (Knirsch et al., 1996), (Jain and Friedman, 1997). Chapman et al. (2004) use a similar text mining 
approach for automated fever detection from clinical records to detect possible infectious disease outbreaks, from 
((Chen, Fuller, Friedman and Hersh, 2005)). 

Because of their predictive power, data mining techniques have been widely used in diagnostic and health care 
applications. Data mining is also used to extract rules from health care data. It has been used to extract diagnostic 
rules from breast cancer data (Kovalerchuk et al., 2001). The rules generated are similar to those created manually in 
expert systems and therefore can be easily validated by domain experts. Data mining has also been applied to clinical 
databases to identify new medical knowledge (Prather et al., 1997), (Hripcsak et al., 2002). 

“Classification” is the most frequently used data mining function with a predominance of the implementation of 
Bayesian classifiers, neural networks, and SVMs (Support Vector Machines). Classification techniques are also applied 
to analyse various signals and their relationships with particular diseases or symptoms (Demighab, 2015). 

Mining of electronic health records (EHRs) has the potential for establishing new patient stratification principles and 
for revealing unknown disease correlations (Jensen et al., 2012). An electronic health record (EHR), or electronic 
medical record (EMR), is a systematic collection of electronic health information about an individual patient or 
population. It is a record in digital format that is theoretically capable of being shared across different health care 
settings. EHRs may include a range of data, including demographics, medical history, medication and allergies, 
immunization status, laboratory test results, radiology images, vital signs, personal statistics like age and weight, and 
billing information, (Demighac, 2015). 

Digitized health information systems are expected to improve efficiency and quality of care and, reduce costs. 
Research efforts on how to analyse large amounts of patient data have been realized, however, they are still faced 
with problems of integrating scattered, heterogeneous data, in addition to ethical and legal obstacles that limit access 
to the data. It would be advisable that large-scale adoption of health information technology (HIT) infrastructure in 
the form of electronic health records (EHRs) and agreed standards for interoperability and schemes for privacy and 
consent, will improve this situation (Jensen et al., 2012).  

In medicine and radiology Data Mining technology utilizes the available data in Radiology Information System (RIS) 
and Hospital Information System (HIS). It provides meaningful information adding value to diagnosis, plans further 
patient management, saves time, and reduces costs for the healthcare industry. By using the data analysis tool, the 
radiologist can make informed decisions and predict the future outcome of a particular imaging finding (Howell, 
2012).  

The application of data mining in imagery allows to obtain additional knowledge about specific features of different 
classes and the way in which they are expressed in the image (can help to find some inherent non-evident links 
between classes and their imaging in the picture). It can help to get some nontrivial conclusions and predictions can 
be made on the base of image analysis (Perner, 2000). 

In this paper, we investigate the application of Data Mining (DM) techniques for mining knowledge of the patient 
record. We focus more specifically on available solutions offered by DM models and tools for improving the diagnosis 
and thus, the follow-up of patient. We provide in detail the acquisition process of DM in the medical field through the 
electronic patient record. We propose a methodology for mining medical knowledge based on the Bayesian 

http://www.ejeg.com/


Electronic Journal of Knowledge Management Volume 14 Issue 3 2016 

www.ejkm.com ©ACPIL 130 

Classification. We use the Naïve Bayes Algorithm to develop this methodology. We illustrate the knowledge mining 
process by real examples from the breast cancer domain. We demonstrate through these illustrations how knowledge 
is better mined and thus, reused when applying concepts and techniques of Data Mining. 

Section 2 defines and positions the Electronic Patient Record (EPR) in the literature and its combination with Data 
Mining. 

2. The Electronic Patient Record (EPR) and Data Mining 

The Electronic Patient Record (EPR) or Electronic Medical Record (EMR) system aims to represent data that accurately 
captures the state of the patient at all phases of examinations. Electronic Medical Records can improve patient safety 
and healthcare cost efficiency, but that depends on meaningful use of the data. This will require effective clinical 
decision support (CDS) content, particularly to drive clinical orders (labs, imaging, medications, etc.), the concrete 
manifestation of clinical decision making (Chen et al., 2014). 

The research challenge is to transform data collected within EPRs into useful information. An EPR will be the first step. 
In addition, data must be leveraged through technology to inform clinical practice and decision-making. Without 
additional technology, EPR’s are essentially just copies of paper-based records stored in electronic form. Modelling 
can be used to support clinical decisions that will provide a flexible, adaptable IT (Information Technology) framework 
which will be able to consolidate data from different sources. Data warehousing provides such an infrastructure 
(Inmon, 1996). As opposed to the EPR, a data warehouse does not have to be linked to a single provider organization, 
increasing its power, scope and utility (Bennett et al., 2010).     

Soren Brunak (2012) notes that “the patient record becomes as information-rich as possible” and thereby “maximizes 
the data mining opportunities. Hence, electronic patient records further expand the possibilities regarding medical 
data mining thereby, opening the door to a vast source of medical data analysis.” (Brunak, 2012). 

Section 3 describes the DM process. 

3. The Data Mining process 

In knowledge management process, data mining technique can be used to extract and discover the valuable and 
meaningful knowledge from a large amount of data. 

Data mining or “Knowledge Discovery in Databases” or KDD, (Fayyad, Piatetsky-Shapiro and Smyth, 1996) is an 
iterative process consisting of data cleaning, to remove noisy and inconsistent data, data integration, to combine 
multiple heterogeneous or homogeneous data sources, data selection, to consider only data relevant to the task and 
data transformation where data is transformed into forms appropriate for mining functions such as aggregation or 
summarization. Then data mining algorithms are employed to extract interesting and meaningful patterns from the 
data and present the knowledge to the domain expert in an informative manner. Figure 1 illustrates the Data Mining 
process. 

 

Figure 1: The Data Mining process 

Section 4 describes Data Mining functionalities. 

4. Data Mining Functionalities 

The major tasks in data mining are classification and prediction; concept description; rule association; cluster analysis; 
outlier analysis; trend and evaluation analysis; statistical analysis and others. Classification and prediction tasks are 
among the popular tasks in data mining; and widely used in many areas especially for trend analysis and future 
planning. 
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4.1  Classification and prediction 

Classification and prediction are forms of data analysis used to extract models to describe important data classes or to 
predict future data trends (Han et al., 2006).  

Techniques used for data classification are decision tree, Bayesian methods, Bayesian network, rule-based algorithms, 
neural network, support vector machine, association rule mining, k-nearest-neighbour, case-based reasoning, genetic 
algorithms, rough sets, and fuzzy logic. 

The classification process has two phases: 

1. The learning process:  the training data will be analysed by the classification algorithms. The learned 
model or classifier is represented in the form of classification rules 

2. The classification process: the test data are used to estimate the accuracy of the classification model or 
classifier. If the accuracy is considered acceptable, the rules can be applied to the classification of new 
data 

Figure 2 illustrates the process of classification and prediction in Data Mining. 

 

Figure 2: Classification and Prediction in Data Mining  

Classification is one of the most common learning in data mining. This task aims at mapping a data item into one of 
several predefined classes. Examples of classification methods used as part of knowledge management include the 
classifying of the patients from primary health-care centers to specialists; the combination of the data mining and 
decision support approaches in planning of the regional health-care system; and the implementation of visualization 
method to facilitate KM and decision making processes, (Lavrac, Bohanec, Pur, Cestnik, Debeljak and Kobler, 2007). 

4.2 Data Mining Tasks 

Data mining tasks are grouping in Figure 3. We have detailed in (Demighab, 2015) data mining types with examples in 
radiology.  

 Clustering: they consist of discovering groups and structures, without using known structures in the data. In 
medicine or radiology, data items may be grouped according to logical relationships or physician and radiologist 
affinities or preferences 

 Association: data can be mined to identify associations. It is used in finding patterns of association among the 
attributes or variables and observations. In medicine variables may represent demographics and observations 
may represent observations. From the association technique, patterns that are discovered can be used to 
associate the student’s profile for the most appropriate session/scenario, associated with trainee’s attitude to 
performance  

 Prediction and Classification: in this task the pattern discovered can be used to predict the percentage accuracy in 
trainee’s (junior physician or junior radiologist) performance, behaviour, and attitudes, predict the performance 
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progress throughout the performance period, and also identify the best profile for different trainees in learning or 
training phase 

 

Figure 3: Data Mining Tasks  

Section 5 describes our methodology based on Data Mining concepts and techniques to manage data and knowledge 
deriving from the EPR. 

5. A Methodology for Mining the knowledge EPR 

We propose a classifier approach for detection of breast cancer disease and show how Naïve Bayes can be used for 
classification purpose. Due to the complexity of medical data, it will be better in certain projects or diagnoses to adapt 
existing algorithms or optimize their use to obtain better results (Iavindrasana et al., 2009). According to Harper 
(2005), “the best performing algorithm depends on the features of the data at hand as well as any preference of the 
end-user.” (Harper, 2005).  

The Bayesian Classification (supervised learning) method is based on the Naïve Bayes algorithm which has highly 
improved the screening operation in breast cancer. The Bayes algorithm is used to create models with predictive 
capabilities. It provides new ways of exploring and understanding data (Patil, 2014). We have used data extracted 
from real clinical cases taken from Electronic Patient Records (EPRs) specialized cancer radiology department. 
Relevant data extracted from medical (clinical or radiological) cases are mainly based on patient medical history and 
diagnosis. They are analysed, and classified in order to improve the breast screening management. We have 
experimented the Naive Bayes Classifier to the well-known Wisconsin Prognostic Breast Cancer (WPBC) dataset (UCI 
Machine Learning repository: http://archive.ics. uci.edu/ml/machine-learning-databases/breast-cancer-wisconsin/). 
The input features contain 10 relevant attributes. 

5.1 Breast cancer screening 

Breast cancer is considered as the second most common cancer in woman. The acquisition process of data deriving 
from screening operations is very complex and necessitates the creation of adequate models and requirement 
engineering tools. In senology (breast cancer radiology), BI-RADS (Breast Imaging and Reporting Data System) is used 
for the interpretation of patient diagnosis. It provides a standardized classification for mammographic studies. The BI-
RADS system can inform radiologists about key findings, identify appropriate follow-up and management, and 
encourage the provision of educational and emotional support to patients. BI-RADS is classified into 7 categories: BI-
RADS0: Incomplete, BI-RADS1: Negative, BI-RADS2: Benign finding, BI-RADS3: Probably benign, BI-RADS4: Suspicious 
abnormality, BI-RADS5: Highly suspicious of malignancy and BI-RADS6: Known biopsy with proven malignancy. 

Breast cancer screening is based on the association of clinical data and mammographic image interpretation to 
conclude to the possible presence of abnormalities and their grade (i.e. benign, malignant, suspicious or doubtful). For 
a complementary diagnosis other imaging modalities can be used such as, Magnetic Resonance Imaging (MRI), 
Ultrasound and Tomography.  
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5.2 Classifying and detecting anomalies in breast cancer 

Many methods have been developed to classify and detect anomalies in medical images. They are mainly based on 
feature’s extraction using image-processing techniques (Antonie et al., 2001). These methods have proven their 
efficiency to assist physicians and radiologists for diagnosis and follow-up of patients. 

Classification predicts categorical class labels, classifies data (constructs a model) based on the training set and the 
values (class labels) in a classifying attribute and uses it in classifying new data. Prediction predicts unknown or missing 
values thanks to models continuous-valued functions. 

Naive Bayes Classifier is a probabilistic classifier based on the Bayes' theorem, considering a strong Naïve 
independence assumption. A Naive Bayes Classifier considers that all attributes (features) independently contribute to 
the probability of a certain decision. Taking into account the nature of the underlying probability model, the Naive 
Bayes Classifier can be trained very efficiently in a supervised learning setting, working much better in many complex 
real-world situations, especially in the computer-aided diagnosis than one might expect (Belciug et al., 2008), 
(Gorunescu, 2006). 

The proposed method classifies the diagnosis in 7 categories according to BI-RADS. Many researches using medical 
images classification have been realized of an automated image categorization. However, there is still no widely used 
method to classifying medical images (Antonie et al., 2001). In Antony et al., (2001), we found some reviews on 
developed methods for classifying and detecting anomalies in medical images, wavelets (Chen et al., 1997), (Wang et 
al., 1998), fractal theory (Li et al., 1997), statistical methods (Chan et al., 1998) and most of them used features 
extracted using image-processing techniques (Lai et al., 1989). In addition, some other methods were presented in the 
literature based on fuzzy set theory (Brazokovic et al., 1993), Markov models (Li et al., 1995) and neural networks 
(Dhawan et al., 1995), (Christoyianni et al., 2000). Most of the computer-aided methods proved to be powerful tools 
that could assist medical staff in hospitals and lead to better results in diagnosing a patient.  

5.3 Bayesian Classification 

A Bayesian Classification is based on: 

 Bayesian Classifier: based on a statistical classifier which predicts class membership probabilities 

 Bayes Theorem which estimate posterior probability 

 Naïve Bayesian classifier which includes both a simple classifier that assumes attribute  independence 
and a high speed when applied to large databases 

5.3.1 Training phase 

The training data are accompanied by labels indicating the class of the observations. New data is classified based on 
the training set and each tuple/sample is assumed to belong to a predefined class, as determined by the class label 
attribute. The supervised classification classifies data (constructs a model) based on the training set and the values 
(class labels) in a classifying attribute and uses it in classifying new data. Figure 4 illustrates the process of 
Classification. 
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Figure 4: Classification 

5.3.2 Testing phase 

Testing phase consists of estimating the accuracy of the model i.e. unknown or missing values. Accuracy rate is the 
percentage of test set samples that are correctly classified by the model. 

The models continuous-valued functions predict unknown or missing values. Figure 5 illustrates the process of 
Prediction. 

 

Figure 5: Prediction 

5.3.3 Naïve Bayes  

Naive Bayes is the simplest of the classification algorithms. It builds patterns by counting the correlations between all 
different states of the input attributes and all different states of the output attributes. Attributes can only have 
discrete values. Naive Bayes is based on Bayes’ theorems and is naive in the sense that it does not take possible 
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dependencies among the input attributes into account. Naive Bayes is used in the beginning of the data mining 
process to quickly explore the data but can also be a powerful predictor in some situations.  

Patterns generated by Naive Bayes include so called attribute characteristics which can be interpreted as the main 
influencers. Attribute characteristics are expressed as an attribute-state combination with an associated frequency 
which indicates the proportion of cases with the target output state that also had this specific input attribute-state 
combination. 

Theorem 

 Let X be a data sample whose class label is unknown 
 Let Hi be the hypothesis that X belongs to a particular class Ci 
 P(Hi) is class prior probability that X belongs to a particular class Ci 

Can be estimated by ni/n from training data samples 

n is the total number of training data samples 

ni is the number of training data samples of class Ci 

 

(1) 

Algorithm 

The Naïve Bayes algorithm is based on the Bayesian theorem as given by equation (1). 

Steps in algorithm are as follows: 

Step1. Let D be a data sample is represented by an n dimensional feature vector, X = (x1, x2….. xn), depicting n 
measurements made on the sample from n attributes, respectively A1, A2, An. 

Step2. Suppose that there are m classes, C1, C2……Cm. Given an unknown data sample, X (i.e., having no class label), 
the classifier will predict that X belongs to the class having the highest posterior probability, conditioned if and only if: 

P(Ci/X) > P(Cj/X) for all 1< = j< = m and j ≠ i 

Thus we maximize P(Ci|X). The class Ci for which P(Ci|X) is maximized is called the maximum posteriori 
hypothesis. By Bayes theorem. 

Step3.  As P(X) is constant for all classes, only P(X|Ci)*P(Ci) need be maximized. If the class prior probabilities are not 
known, then it is often assumed that the classes are equally likely, that is, P(C1) = P(C2) = …..= P(Cm), and we would 
therefore maximize P(X|Ci). Otherwise, we maximize P(X|Ci)P(Ci). Note that the class prior probabilities may be 
estimated by P(Ci) = P (Ci) =|Ci, D|/|D|, where |Ci, D| is the number of training samples of class Ci in D. 

5.4 Naïve Bayes Classifier in Breast Cancer Prediction 

An advantage of the Naive Bayes Classifier is that it requires a small amount of training data to estimate the 
parameters (means and variances of the variables) necessary for classification. It performs better in many complex 
real world situations like Spam Classification, Medical Diagnosis, and Weather forecasting. It is suited when 
dimensionality of input is high (Kharya and Soni, 2016). 

Classification aims to build the Classifier Model based on Bayes theorem. Then, the classifier is used to predict the 
group attributes of new cases from domain based on the values of attributes. This prediction technique assigns 
patients to either a “benign“ group (BI-RADS1, BI-RADS2, BI-RADS3) that is non-cancerous or a “malignant” group (BI-
RADS4, BI-RADS5, BI-RADS6) that is cancerous. 
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5.5 Weighted Naive Bayesian in Breast Cancer Prediction 

The Weighted Naive Bayes Classifier (WNBC) assigns different weights to different attributes according to their 
predicting capabilities by consulting the domain expert physicians. Domain based weights are used to assign weight of 
each attribute using expert knowledge, (Kharya and Soni, 2016).   

5.6 Results 

We investigate the potential contribution of the Naive Bayesian Classification methodology as a reliable support in 
computer-aided diagnosis of such events, using the well-known Wisconsin Prognostic Breast Cancer dataset. For 
training the system Wisconsin Datasets consisting of 699 records with 9 medical attributes with 2 class labels have 
been used i.e. benign and malignant. Dataset is available in (Wolbergand and Mangasarian, 1990). The testing 
diagnosing accuracy, that is the main performance measure of the classifier, was about 91.50%, in accordance with 
the performance of other wellknown Machine Learning techniques. Table 1 groups name attributes, range of values 
and weights selected from the Wisconsin Dataset.   

Table 1: Normalized Breast. D20.N699.C2 dataset with range of values and weights. 

S. 
No 

Attribute Name Domain Range Weight 

S (1 to 10) 

1 Clump Thickness  1-10 

 

1 4 

2 9 

2 Uniformity of cell size  1-10 

 

3 5 

4 9 

3 Uniformity of cell shape  1-10 

 

5 4 

6 9 

4 Marginal Adhesion  1-10 

 

7 5 

8 9 

5 Single Epithelial cell size  1-10 

 

9 3 

10 9 

6 Bare Nuclei  1-10 

 

11 4 

12 8 

7 Bland Chromatin  1-10 

 

13 4 

14 9 

8 Normal Nucleoli  1-10 

 

15 5 

16 9 

9 Mitoses  1-10 

 

17 3 

18 9 

10 Output (class label 
representing 2 type of breast 

cancer class) 

2 for benign 
and 4 for 
malignant 

19/20  

 
Based on the Weighted Count and Weighted Probability definitions 1 and 2 illustrated by equations 2 and 3. In (Kharya 
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and Soni, 2016), the classifier model is built with all 699 records and testing is also performed on 699 records of the 
Wisconsin Dataset, (Wolbergand and Mangasarian, 1990). 

Definition 1. Attribute Weight Attribute weight is assigned depending upon the domain. Weight of different attribute 
in predicting the probability of breast cancer is given in Table 1. 

Definition 2. Weighted Count 

  Sum of Records weight having condition attribute column = 

“Class Value1(S)” given Class Label=S          (2) 
Total Record Weights 

 

Definition 3. Weighted Probability 

Weight Count of particular attribute=“Yes”/”No”     (3) 
Weight Count of total “Yes”/”No” 

On building the Classifier Model for Breast Cancer Prediction based on Weighted Naive Bayes Classifier, the accuracy is 
found to be 92% for WNBC.   

A comparison of the classification results of different classifiers found in the literature, indicates that introducing the 
novel concept of Weights on Naive Bayes Classifier Breast cancer detection provides very promising results with 
strong and efficient predictive results which outperforms others classifiers and the classification results were 
consistent with some of the highest results, (Kharya and Soni, 2016). 

Section 6 provides a discussion and a conclusion of the overall work presented in the paper. 

6. Discussion and conclusion 

This paper has presented a methodology for mining knowledge of the patient record based on a Bayesian 
Classification combined to the Naïve Bayes Algorithm. The Bayesian Classification for breast cancer was used to 
determine the higher prediction accuracy. 

We have put in value the necessity to mine the Electronic Patient Record. We have reviewed some scientific and 
practical papers in this problematic. The Bayesian Classification has many advantages in the medical field. Thanks to 
the models of classification and prediction, we have extracted the hidden knowledge from an ‘experience base’ of 
senology (breast cancer) and on the other hand predicted patients with their breast disease. These models answer to 
complex queries through a simple way and allow an easy access to information and accuracy. We have illustrated the 
validity of them by 100 cases of patients affected by the breast cancer disease. It is essential to properly collect and 
prepare the data, and to check the models against the real world. 

We have used the Breast Imaging and Reporting Data System for categorizing the vocabulary which is a standard 
vocabulary and helped us in applying the Bayesian Classification. 

The methodology we have developed enables exploration and analysis, by automatic means, of large quantities of 
data related to breast cancer characteristics, in order to obtain an optimal prediction of recurrent events. The purpose 
is to demonstrate the suitability and ability of the Naive Bayes methodology in Classification/Prediction problems in 
breast cancer screening and diagnosis.  

We have investigated the potential contribution of the Naive Bayesian Classification methodology as a reliable support 
in computer-aided diagnosis using the well-known Wisconsin Prognostic Breast Cancer dataset. Finally, we have 
demonstrated the suitability and ability of the Naive Bayes methodology in Classification/Prediction problems in 
breast cancer using the Weighted Naive Bayes Classifier. 

The potential of Data Mining techniques in medical field allows to improve the quality and decrease the cost. They are 
very helpful in extracting medical knowledge for diagnosis, decision-making, screening, monitoring, therapy support 
and patient management. 
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