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Abstract 

 

The aim is to evaluate the analytical data to see if the domain can be a subject to data mining. The next step is to evaluate several 

data mining methods with respect to their applicability to the given data. This is to show which of the techniques are particularly 

usable for the given dataset. Finally, the research aims at extracting some tangible medical knowledge from the set. The research 

utilizes a data warehouse to store the data. The data is accessed via the ETL process. The performance of the data mining models 

is measured with the use of the lift charts and confusion (classification) matrices. The medical knowledge is extracted based on 

the indications of the majority of the models. The experiments are conducted in the Microsoft SQL Server 2005.The data mining 

models were not unanimous about patterns in the data. Thus the medical knowledge is not certain and requires verification from 

the medical people. However, most of the models strongly associated patient's age, tissue type, hormonal therapies and disease in 

family with the malignancy of cancers. The next step of the research is to present the findings to the medical people for 

verification. In the future the outcomes may constitute a good background for development of a Medical Decision Support 

System. 
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_______________________________________________________________________________________________________ 

I. INTRODUCTION 

The medical data may constitute a valuable source of medical information that has potential to be very useful in diagnosing and 

treatment. Its format, however, may require some additional processing before the data can serve doctors as a precious source of 

information in their everyday work. This data may comprise thousands of records which may contain valuable patterns and 

dependencies hidden deep among them. The volume of the dataset and complexity of the medical domain make it very difficult 

for a human to analyze the data manually to extract hidden information. For this reason the computer science proves to be 

helpful. Machines are used to mine data for patterns and regularities. Various data mining algorithms have been developed which 

analyze the data in order to extract underlying knowledge. 

This research is focused on breast cancer. According to this disease is the most frequent malignant cancer in women (about 

20% of all malignant cancers). The etiology of the breast cancer, despite broad and thorough research conducted by leading 

oncological institutions all over the world, is still not well known. The disease can be induced by a variety of factors 

(carcinogens) such as mutations of genes, age, occurrences of the disease in family, and many others. However, the best results 

in treatment are achieved when the disease is diagnosed early enough. Otherwise costs are incomparably greater. They 

encompass costs of treatment (operations, radiology, chemotherapy, etc), complications, sick leaves, pensions, welfare, and so 

on. Another problem is the social and psychological side-effects of the disease and possibly a death in family. All these reasons 

confirm the fact that the sooner the disease has been diagnosed it gives not only a greater chance for complete cure but also 

significantly smaller cost at the same time.  

Each of the data was filled out by both patients and doctors participating in the screening. The former provided general 

information about the state of their health and information concerning various aspects from their lives (number of births, age at 

first and last menstruation, etc.). The data contained in these surveys may contain valuable information, encapsulated in various 

patterns and regularities, which could be used in a diagnosing process in the future. To extract the knowledge the data has to be 

transformed to an electronic form, then cleansed and finally analyzed. 

The research aims at delivering the following outcomes:  a) evaluation of the medical dataset in terms of quality of the data 

from the Program, b) evaluation of data mining methods with respect to their applicability to the data from the Program, c) 

Knowledge extracted from the dataset. 
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II. DATA MINING METHODS 

Data mining, also known as knowledge discovery in databases (KDD) is defined as “the extraction of implicit, previously 

unknown, and potentially useful information from data”. It encompasses a set of processes performed automatically, whose task 

is to discover and extract hidden features (such as: various patterns, regularities and anomalies) from large datasets.  

The medical datasets are unique in their nature. They are heterogeneous and contain both discrete and continuous values. A 

feature type of cancer depends on a value of an attribute diagnosis. The research utilizes 6 data mining methods: Decision trees, 

neural networks, Logistic regression, Clustering, Naive Bayes, Association rules. They have been all implemented in the 

business intelligence part of the Microsoft SQL Server 2005 and this was the main reason for choosing them. In the research only 

the following algorithms have been evaluated: Microsoft Association Rules, Microsoft Decision Trees, Microsoft Clustering, 

Microsoft Naive Bayes, Microsoft Neural Network and Microsoft Logistic Regression. The reason for rejecting the time series 

and the sequence clustering is the fact that the analytical data used in the research is not related to time. It does not contain any 

information about the sequence of events which is necessary in order to apply these algorithms. The Microsoft SQL Server 

implements only two performance measure techniques: a lift chart and a classification matrix. 

III. SOURCES OF THE ANALYTICAL DATA 

The data consisted of two parts: basic and extended. In the former a patient was asked to fill out a survey stating her current 

health condition and other important aspects of her life. Afterwards she underwent a mammography screening. Based on the 

results of the screening the patient was referred to further screening (extended) if it was considered necessary. Within the 

extended part of the screening the patient underwent some additional examinations. These included physical screening, 

additional mammography or ultrasonography (USG), fine needle aspiration or core needle biopsy. The results were documented 

in the Extended Screening Card. All the actions and a flow of control have been depicted in the Figure 1 

 
Fig. 1: Sources of the Analytical Data 

The reception process consisted of three stages: 

1) Development of a software tool enabling convenient data input to the database 

2) Manual data input (using the tool) from the patients' parts of the surveys 

3) Automatic data input from the digital documents. 

IV. ANALYTICAL DATA PREPARATION 

The research is based on a data warehouse into which the data is loaded. The design of the data warehouse utilized in the 

research followed the three models (conceptual, logical and physical) design pattern described by Todman. In the conceptual 

phase dot modeling was employed. During this stage dimensions as well as facts were identified. The second stage was the 

transformation of the conceptual model into the logical one. The transformation included supplementing the dimensions with 
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their attributes. The last stage performed a further transformation into the physical model. It added various platform specific 

features to the model, such as primary and reference keys to the fact and dimension tables. 

 Conceptual Model: A.

During this stage 9 dimensions were identified. The granularity of the model was set at a particular location of the cancer, i.e. a 

specific place (behind nipple, centrally or in the so-called Spence's tail) in one of the breasts. 

 
Fig. 2: Conceptual Model 

 Logical Model: B.

The next step in the data warehouse modeling process is the logical model. During this phase dimensions' attributes are 

identified. The model has been presented in the Figure 

 
Fig. 3: Logical Model 

 Physical Model: 

Physical model is the last step of modeling a data warehouse. It transforms the logical model so that it fits a dedicated, concrete 

database management system.  
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Fig. 4: Physical Model 

 ETL process: D.

The data warehouse schema created and implemented in the previous step has to be now fed with the data. However, before this 

can happen the data has to be prepared. The preparation includes (but is not limited to) the following activities: 

 Data transformation so that it fits the data warehouse schema  

 Data cleansing so that only complete and unified data gets loaded into the warehouse 

In order to perform the ETL process the Microsoft Integration Services environment has been used. The individual 

components represent the following activities: 

a) Create database schema: 

This task reads an external SQL script and runs it against the Microsoft SQL Server 2005 to create the data warehouse schema 

b) Symptoms preparation: 

This data flow task creates the dimension of symptoms. Here the symptoms are aggregated and unified. For instance several 

patients stated that they felt pain in many different ways. This is to unify the descriptions of the symptoms 

c) Tissue Type preparation: 

This task aggregates the possible types of a breast tissue and also translates the names into English. Here the cleaning was not 

needed because the survey did not allow for putting own descriptions. 

d) Diagnosis preparation: 

This task creates the Diagnosis dimension. It aggregates the possible diagnoses and inserts them into the dimension table 

e) Time Month preparation: 

This task creates the time dimension based on the mammographies dates of the surveys 

f) BIRADS preparation: 

Prepares the BIRADS dimension. This task cleanses and aggregates the BIRADS marks due to the fact that the surveys allowed 

the patients to enter their own descriptions which vary significantly. It also translates the names into English 

g) Family Disease preparation: 

This task creates the Family Disease dimension. It performs the encoding of the possible values stored in the data warehouse.  

These values include age of a relative in whom cancer was diagnosed and the family line (either first or second). 

h) Change Location preparation: 

This task prepares the Change Location dimension. It differs from the rest in a way that it does not retrieve any data from the 

operational database. The dimension's possible values have been hard-coded into the component because they are fixed 

i) Screening Result preparation: 

This task creates the dimension of screening results. It aggregates the related data from the operational database 

j) Patient’s preparation: 

This task prepares the dimension of the patients. The data is cleansed by removing patients with missing values 
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k) Fact preparation: 

This is the most complex task. Basing on the values of the incoming records it looks up values in the dimension tables seeking 

for matching data. In this task also the granularity is set. The incoming records are at the higher granularity (patient level) while 

the data warehouse expects it to be at the change location level 

l) Check Database Integrity Task: 

The final task which is responsible for checking the data warehouse for data integrity. This includes for instance conformance to 

reference constraints. 

V. MEDICAL KNOWLEDGE GAINED 

 Decision trees: A.

The decision tree with the best performance in the case of the given medical dataset is the entropy tree.  

 Clustering: B.

The model with the best performance was delivered by the EM algorithm. Each of the clusters can be described in terms of its 

similarity to other ones. Since the EM algorithm belongs to the soft clustering the clusters may overlap. This may imply high 

similarity among them.  

Unlike the decision trees the clusters do not provide such confident predictions (the number of instances from none of the 

classes exceeds 50% in any of the clusters). Thus, for the purpose of the medical knowledge extraction, only the clusters which 

contain at least 30% of instances from a given class were analyzed.  

 Artificial Neural Networks: C.

The most influential attributes that make the network classify an instance as Malignant is the number of births (2 children, first 

one after 35 years of age) and the tissue type (glandular). Also two of the symptoms are influential: nipple inversion and skin 

disorders. 

In case of the suspicious instances the tissue type was also glandular. However, in this case the patients often did not have any 

children. The changes diagnosed in their breasts were usually large and mostly it was the calcification. Also close relatives after 

50 years of age had the breast cancer. 

As for the ProbablyMild class the most influential attribute was the number of births (one child before 50 years of age) and 

also the size of the change discovered in the patient's breasts (usually large) located mostly in the so-called Spence's tail. 

Similarly to the suspicious cases the close relatives suffered from the disease before they turned 50. 

The normal cases concerned women between 60 and 70 years of age. They usually had their only children after the turned 35 

years old. What is surprising, the disease was diagnosed in their families, both in close and distant relatives. 

 Logistic Regression: D.

The logistic regression, even though it is realized with the neural network, delivered slightly different results than the neural 

network. As far as the Malignant class is concerned, the number of births is also an influential factor (however, in this case only 

one child, after 35 years of age). Also, the changes discovered in the patients' breasts were large and they had some skin 

disorders. Their tissue was fat-based. The disease has been diagnosed in the close relatives after 50 years of age. 

 Association Rules: E.

The model mispredicted all of the malignant cases. In case of the suspicious ones the attribute which exerts the biggest influence 

on the class is the number of changes greater or equal 3. The ProbablyMild cases are influenced the most by the size of a change, 

which is greater than 36 mm. 

When it comes to the mild cases the most influential attribute is the number of births. The patient usually had more than 1 one 

and the first delivery was after 35 years of age. The second attribute is the nipple inversion symptom and the number of changes 

(1 or 2). Finally, the patients were usually 56 to 60 years old. 

Finally, the normal cases encompass the patients that had a surgery in the area of the breasts. They usually had only one child 

after they turned 35. They did not have any changes discovered. 

 Naive Bayes: F.

According to what the Naive Bayes delivered the attributes which exert the most impact on the class value are the number of 

changes, tissue type and the symptoms. Also the last menstruation and hormonal therapies play an important role in 

classification. The malignant cases are always accompanied by symptom values other than the default ones specified in the 

surveys. Also, the tissue type is always fat. The number of changes is either 1 or 2. Also the model always associated the 

malignant cases with the fact of lack of hormonal therapies applied by the patients. 

When it comes to the suspicious cases the model was not that certain as in the previous class. The occurrence of this class is 

highly connected with the lack of hormonal therapies. 
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Also the number of changes is equal to 1 or 2 and their size is less than 5 mm. The patients had their last menstruation at the 

age of 51 to 53. The type of their breast tissue is glandular fat. The ProbablyMild class almost always appears accompanied by 

the lack of hormonal therapies. Similarly to the previous class, the number of changes is either 1 or 2 and their size is less than 5 

mm. The tissue type is mixed though: either glandular-fat or fat-glandular, with the former being more probable. 

 Generalization of the Knowledge: G.

All of the models delivered some knowledge about the breast cancer disease. 

However, the information is very vague and often contradictory with the one conveyed by other models. Nevertheless, an 

attempt has been made to generalize the premises in order to come up with a small but concise set of facts.  One of the most 

influential attributes is the age. A significant proportion of the Classifications delivered by the models take it into consideration. 

Regularity has been observed that the group of women that has the highest risk of the breast cancer comprises women 

approximately between 50 and 57 years of age. According to what the models convey the disease is much less likely to occur in 

older women. 

Another important attribute, which has a large impact on the predictions, is the tissue type. However, the models do not agree 

what types favour what class value. There is a slight tendency that the mixed tissues are more likely to develop the cancer. 

Hormonal therapies are another influential attribute. It has been observed that applying such a therapy increases the risk of going 

down with the disease. Most of the models did not make any distinction whether the therapy was applied earlier or at present. 

The disease in the family is also an influential factor. This concerns the close relatives in particular. It has been observed that 

occurrence of the disease in the family increases the risk of becoming ill. The screening results proved to be less deterministic 

than expected. Any changes, even the big ones do not imply the disease. 

VI. CONCLUSIONS AND FUTURE WORK 

The models constructed in the learning process were evaluated with the use of lift charts and classification matrices. The results 

of the analyses proved that it is impossible to name one classifier which would be the best for the given dataset. The reason for 

this situation is the poor quality of the training data. None of the models correctly classified the malignant instances because 

there was not enough training information to learn from.  

The models which yielded good results were: artificial neural network, logistic regression (both with the 30% split of the 

dataset), association rules and the Naive Bayes. They had the highest lift factor for most of the class values and also the true class 

value rates were higher than in case of other models.  

The worst results were gained by the entropy tree. This may results from the over-training of the tree which was very complex. 

However, the research showed that definitely the worst methods, which should not be used, are those which were not taken for 

the final evaluation: k-means clusters, BK2 and BDEU trees, neural network and logistic regression model with 60% split of the 

dataset. 
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