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 Abstract 
 

Machine learning and data mining methods can be the future of the clinical decision 

process like pathological diagnosis. In this project we studied Breast Cancer Wisconsin 

dataset and applied different algorithms, concretely classifiers, in order to predict the 

diagnosis and the prognostic of the cancer.  

In order to classify the different types of cancer we divided the classification in two steps 

and we tested different algorithms for each step. The first step is the diagnosis 

classification. Diagnosis consists in predict if the cancer is malignant and benign. And the 

second step is the prognostic classification. Prognostic consist in predict if cancer is 

recurrent or non-recurrent. 

After applying different models for each steps the result is that the best model to predict 

the diagnosis is the Decision Forest model. And the best model to predict the prognostic 

is the Boosted Decision Tree model.  

So, we conclude that the two step classifier with Decision Forest model and Boosted 

Decision Tree model is the best classifier. 
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1. Introduction 
 

1.1. Context 

 

Cancer is the name given to a collection of related diseases. More than one in three 

people will develop some form of cancer during their lifetime. There are hundreds of 

different types of cancer. 

Breast cancer is the most common cause of cancer death in Europe for females, and the 

third most common cause of cancer death overall, with more than  131.000 deaths from 

breast cancer in 2012 (1).  We can say that 1 in 8 women will develop breast cancer over 

the course of a lifetime (2). 

The risk factors for developing breast cancer include female sex, obesity, lack of physical 

exercise, drinking alcohol, hormone replacement therapy during menopause, ionizing 

radiation, early age at first menstruation, having children late or not at all, older age, 

and family history. 

Breast cancer has been characterized as a heterogeneous disease consisting of many 

different subtypes. Ductal Carcinoma is the most common type. Biotechnology plays a 

key role in cancer (3).   The early diagnosis and prognosis of a cancer type have become 

a necessity in cancer research, as it can facilitate the subsequent clinical management 

of patients. The importance of classifying cancer patients into high or low risk groups 

has led many research teams, from the biomedical and the bioinformatics field, to study 

the application of machine learning methods.  

The main goal of this study is to solve a data science problem related with breast cancer. 

This problem consists in analyse and classify different types of Breast Cancer of a 

concrete data set through data mining and machine learning techniques. This data set 

is provided by UCI Machine Learning Repository.  
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1.2. Objectives 
 

The main objectives to achieve in this project are the following ones: 

 Learn about breast cancer. 

 Learn about machine learning and data mining. 

 Classify the different types of breast cancer patients. 

 Predict whether the cancer is benign or malign. 

 Predict whether the cancer is recurrent or non-recurrent. 

 Create and develop my own data science portfolio. 

 Evaluate and compare the results. 
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1.3. Scope 
 

Breast cancer is a complex and ambitious topic. Nowadays there are a lot of different 

researches about this concrete type of cancer. This project will focus on analyse the 

datasets mentioned before: Breast Cancer Wisconsin (Diagnostic) and Breast Cancer 

Wisconsin (Prognostic) uploaded in UCI Machine Learning Repository. Although it is only 

going to process these datasets, this project still having a great difficulty because it is 

required to have a minimum of biological knowledge that I do not have initially. 

Moreover, it is the first time I will work with biological topics, and data mining and 

machine learning. I will have to learn new programming languages that I have never 

used before and also work with a new tool. 

Apart from these obstacles or difficulties, another one it is the limited time.  The project 

has to be done in four months, so there is a time limit. What is more, this project involves 

programming and studying the data from the dataset. Both of them require a lot of time 

of learning. 

 

1.4. Methodology and rigor 
 

In order to make a successful project, it has been chosen the methodology Cross 

Industry Standard Process for Data Mining (CRISP-DM). The CRISP-DM methodology is 

described in terms of a hierarchical process model, consisting of sets of tasks described 

at four levels of abstraction (from general to specific): phase, generic task, specialized 

task, and process instance (4). 

At the top level, the data mining process is organized into a number of phases; each 

phase consists of several second-level generic tasks. This second level is called generic 

because it is intended to be general enough to cover all possible data mining situations.  

The third level, the specialized task level, is the place to describe how actions in the 

generic tasks should be carried out in certain specific situations.  
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The fourth level, the process instance, is a record of the actions, decisions, and results 

of an actual data mining engagement. 

2. State-Of-Art 
 

Nowadays we can classify breast cancer in 10 different subtypes. This is due to a 

research carried out by Canadian and British laboratories called “Proteomic maps of 

breast cancer subtypes” published online 21 November 2016. 

The researchers analysed nearly 1,000 retail frozen samples from women who had been 

treated for breast cancer; in some cases followed for up to 10 years. This allowed to 

cross the genetic information with clinical data of patients and what was its evolution 

and response to therapy. Subsequently, the results with a second sample of 1,000 other 

breast tumours were validated. 

"This is the largest study to date to combine clinical information with at least five years 

of follow-up, with genetic and expression data," says Carlos Caldas (Cancer Research UK 

Cambridge Institute University of Cambridge). 

Also, there are other science portfolios that studied the same data sets that I studied in 

this project. Some of these projects are: 

Diagnosing Malignant versus Benign Breast Tumors via Machine Learning Techniques in 

High Dimensions by Danielle C. Maddix (5).  

Construction of an automated screening system to predict breast cancer diagnosis and 

prognosis by Sou-Young Jin, Jae-Kyung Won, Hojin Lee and Ho-Jin Choi (6). 

Data Mining Analysis (breast-cancer data) by Jung-Ying Wang (7). 
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3. Introduction Data mining 
 

Data mining is a subfield of computer science (8). It is an interdisciplinary field with 

contributions from many areas, such as statistics, machine learning, information 

retrieval, pattern recognition and bioinformatics (9).  Data mining is the process to 

discover interesting knowledge from large amounts of data (Han and Kamber, 2000) (9). 

The overall goal of the data mining process is to extract information from a data set and 

transform it into an understandable structure for further use. 

Many people treat data mining as a synonym for another popular used term knowledge 

discovery from data or KDD, while another view data mining as merely an essential step 

in the process of KDD. The KDD is an iterative sequence of the following steps: 

1. Data cleaning to remove noise and inconsistent data. 

2. Data integration where multiple data sources can be combined. 

3. Data selection where data relevant to analysis task are retrieved from the 

database. 

4. Data transformation where data are transformed and consolidated into forms 

appropriate for mining and summary or aggregation operations. 

5. Data mining an essential process where intelligent methods are applied to 

extract data patterns. 

6. Pattern evaluation to identify the truly interesting patterns. 

7. Knowledge presentation where visualization and knowledge representation 

techniques are used to present mined knowledge to users. 

As is shown, data mining is one step in the knowledge discovery process. However, in 

industry, in media, and in research, the term data mining is often used to refer the entire 

knowledge discovery process. So we can conclude that data mining is the computational 

process of discovering patterns in large data sets involving methods at the intersection 

of artificial intelligence, machine learning, statistics, and database systems.  

In the real-world applications, a data mining process can be broken into six major phases 

as defined by the CRISP-DM.   
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4. Introduction to Machine Learning 
 

Machine learning is the subfield of computer science that "gives computers the ability 

to learn without being explicitly programmed" (Arthur Samuel, 1959) (10). In other 

words, it concerns to construct algorithms that they are able to generalize behaviours 

and recognise patterns from data examples. We can affirm that machine learning is an 

induction process, meaning it is a method that can obtain a general statement from 

different cases statements. 

We might say that one of the tasks of the machine learning is trying to make accurate 

predictions, or to behave intelligently. So in general, machine learning is about learning 

to do better in the future based on what was experienced in the past. 

There are a large number of methods that are encompassed within the machine 

learning. But, the main difference between them is the output that they provide. The 

most common type algorithms depending on the desired output of the machine-learned 

system are (11): 

 Regression: They predict a real value. For example, the prediction value of the 

stock market taking into account other previous values. 

 Classification: They predict the classification of the inputs into two or more 

classes. If there are only two different classes we say that it is a binary 

classification. In case that exists more than two classes, we say that it is a multi-

label classification. For example, a binary classification it could be classified a 

breast cancer tumour in benign or malign. And can see a multi-label classification 

in the newspaper when we classify the news sections.  

  Ranking:  They predict the ideal order of a set of objects according to a 

predefined relevance. For example, the order which an internet browser shows 

the pages after a search. 

Normally, when we want to solve a new problem of machine learning the first step is 

thinking about the desire output that we want to obtain. In other words, we have to put 

in one of the frames explained before.  
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Also, depending on the nature of the learning “signal” or “feedback” available to a 

learning system we can categorize the machine learning algorithms in different types. 

These are: 

 Supervised learning: Where the algorithm generates a function that maps inputs 

to desired outputs. Supervised learning task is a classification problem. 

 Unsupervised learning: No labels are given to the learning algorithm, leaving it 

on its own to find structure in its input. 

 Semi-supervised learning: Which combines both labelled and unlabelled 

examples to generate an appropriate function or class.  

 Reinforcement learning: Where the algorithm learns a policy of how to act given 

an observation of the world. Every fact has an impact in the algorithm which 

changes and adapts to these facts. 

 Transduction: Similar to supervised learning, but does not explicitly construct a 

function. Instead, try to predict new outputs based on training inputs, training 

outputs, and new inputs. 

 Learning to learn: Where the algorithm learns its own inductive bias based on 

previous experience. 
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5. Global Planning 
 

4.1. Calendar 
 

This estimated project duration is five months, which starts on September 1st 2016 and 

end in late January with the oral defence. However, the memory of the project has to 

be handed out on December 15th 2016. 

4.1.1. Considerations 
 

It is important to consider that the initial planning could be revised and update because 

of the evolution of the project. These updates can result of the necessity of doing new 

tasks, wrong time estimation or unexpected events. 

4.2. Resources 
 

To carry out this project, we need three types of resources: human, material and 

software resources. Note that software resources are normally considered, but given 

the nature of the project has been deemed necessary to differentiate them. 

4.2.1. Human resources 
 

A person with a dedication of 15 hours per week during the course of the project, which 

will plan, design, develop, test and all the jobs that may occur during its implementation. 

4.2.2. Material resources 
 

A comfortable workplace in order carries out the project with the resources that indirect 

means such as electricity, heating... And a Laptop computer to carry out the project and 

the written report. 

  



12 
 

 

4.2.3. Software resources 
 

 Microsoft Windows 8 Professional 

 Microsoft Office 2013 

 Microsoft Excel 2013 

 Adobe Reader 

 Microsoft Azure Machine Learning Studio 

4.2.3.1. Microsoft Azure Machine Learning Studio 

 

Microsoft Azure is a cloud computing platform and infrastructure created by Microsoft 

for building, deploying, and managing applications and services through a global 

network of Microsoft-managed data center (12). 

Azure was announced in October 2008 and released on 1 February 2010 as Windows 

Azure, before being renamed to Microsoft Azure on 25 March 2014. 

Microsoft lists over 600 Azure services, of which some are (13): 

 Compute 

 Mobile services 

 Storage services 

 Data management 

 Messaging 

 Media services 

 CDN 

 Developer 

 Management 

 Machine Learning. 

Basically for develop the project we are going to use the Data management and Machine 

Learning services.  
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6. Project Planning 
 

6.1. Global considerations 
 

As we have seen in the previous section, the project is going to be carried out from 

September to January 2016. In the following sections it has been distributed all the tasks 

during these months. 

6.2. Temporal planning 
 

6.2.1. Initial planning 
 

It belongs to Project Management Course taught in Barcelona and it includes the 

following stages: 

1. Introduction and context 

2. Project scope 

3. Project planning 

4. Economic management 

5. References (Bibliography). 

The main purpose of these stages are analyse the initial requirements and define the 

final objectives. Also create a project planning and study the economic viability of the 

project.  

The main aim of this phase is to make an accurate analysis of the project and define the 

consequent tasks in order to achieve the final objectives. 

In this phase it has been defined the internal architecture of the project as well as it has 

been defined the phases that is going to have in more detail. 

Also in this plan it is reserved hours to learn about Breast Cancer, Data mining, Machine 

Learning and required programming languages. 
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6.2.2. Project planning 
 

We are going to use the methodology Cross Industry Standard Process for Data Mining 

(CRISP-DM) in order to carry out our project. CRISP-DM is a data mining process model 

that describes commonly used approaches that data mining experts use to tackle 

problems.  

The life cycle of a data mining project consists of six phases, shown in Figure 1. The 

sequence of the phases is not rigid. Moving back and forth between different phases is 

always required. 

First phase – Business Understanding 

In this first stage of the process we have to define the desired outputs of the project. In 

order to do it, we have to set objectives, produce a project plan and a project criteria 

(4). 

Second phase – Data Understanding 

The second stage of the process requires you to acquire the data listed in the project 

resources. That involves describe data, explore data, verify data quality and a data 

quality report (4).  

Third phase – Data Preparation 

This is the stage of the project where we it has to be decide which data that you're going 

to use for analysis. That stage involves clean the data, construct required data and 

integrate data (4).  

Fourth phase – Modelling 

This phase involves a statistical analysis of the data and then performs a graphical display 

of the same for a first approximation (4). 
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Fifth phase – Evaluation 

In this phase it took place an evaluation of the results of apply the model on the dataset. 

That evaluation involves a verification in order to know if the obtained results are new, 

coherent and consistent (4). 

Sixth phase – Deployment 

At the end of the project we have to write up a final report. This report may be a 

summary of the project, its experiences and may be a final and comprehensive 

presentation of the data mining results. 

 

FIGURE 1. PHASES OF THE CRISP-DM REFERENCE MODEL (4) 

6.2.3. Final stage 
 

After finishing the intermediate sprints and validated the results, shall be closed 

definitely the project. Will be completed the remaining documentation and prepare the 

final presentation. 
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7. Project Development 
 

7.1. Business Understanding 
 

This initial phase focuses on understanding the project objectives and requirements for 

converting knowledge into a data mining problem definition and a preliminary plan 

designed to achieve the objectives (4). 

7.1.1. Determine Business Objectives 
 

Breast cancer has become one of the most common disease among women that leads 

to death. Despite the fact, not all general hospitals have the facilities to diagnose breast 

cancer through mammograms (6). Waiting for diagnosing a breast cancer for a long time 

may increase the possibility of the cancer spreading.  

There are two different types of tumours such as malignant and benign tumours. 

Physicians need a reliable diagnosis procedure to distinguish between these tumours. 

But generally it is very difficult to distinguish tumours even by the experts. Hence 

automation of diagnostic system is needed for diagnosing tumours.  

To sum it up, the main objective of this project is improved the accuracy and the velocity 

of predicting cancer by applying machine learning algorithms. Treatments for breast 

cancer work best when you find the disease early.  

7.1.1.1. Background 

 

First of all, it is important to know more about the organization that provides the data 

sets with which we are going to work. 

Breast Cancer Diagnosis and Prognostic Wisconsin data sets were collected by the 

departments of Surgery, Human Oncology, and Computer Sciences University of 

Wisconsin, Madison, WI. In particular were collected by Dr. Wolberg who is a Professor 

of Surgery and Human Oncology, Dr. Street who is an Assistant Researcher in the 
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Departments of Surgery and Computer Sciences and Dr. Mangasarian who is John von 

Neumann Professor of Mathematics and Computer Sciences (15) (16). 

7.1.1.2. Business Objectives 

 

In Business Objective we described the objectives that we want to achieve for each data 

set. 

Breast Cancer (Diagnostic) Wisconsin Data Set 

 

The main purpose to achieve with this data set regards to classifying whether a breast 

tumour is malign or benign. Nowadays, there are predictive medical procedures that are 

available for diagnosis. But sometimes, one test might not be enough and it can contain 

error margins of either false or positives negatives.  

The objective with this data set is to find the best algorithm which could take into 

account many test diagnostics and could be able to predict if the tumour is malign or 

benign. 

Breast Cancer (Prognostic) Wisconsin Data Set 

 

The main purpose to achieve with this data set regards to classifying whether a breast 

tumour is recurrent or non-recurrent. In this data set, contrary to the other, all the 

breast cancers recorded are malign tumours.  

The objective like the previous data set is to find the best algorithm which could take 

into account many test diagnostics and could be able to predict if the tumour is recurrent 

or non-recurrent. 

7.1.1.3. Business Success Criteria 

 

We are going to consider that our project has a successful or useful outcome if we finally 

can classify the different types of breast cancers. Then, we can affirm that we had 

created a useful support tool for the medical field.  
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7.1.2. Assess Situation 
 

In order to define the analysis goal and the project plan, we have to take into account 

that this project is a Bachelor Project that involves biological, software engineering and 

statistics knowledge.  

The problem type that the project wants to solve is what is known as a classification 

problem in machine learning. First, we created a unified data set with the data provided 

by the two initial data sets mentioned before. Then, we divided our experiment into two 

approaches, two steps classifiers. The first classifier classified into benign and malignant 

classes. Then, the second classifier classified those instances that had been classified as 

malignant, into recurrent and non-recurrent classes (6). 

So, the project focuses on study the two data set mentioned before and with regard to 

the classification machine learning algorithms, the project addresses to study the 

following algorithms: Boosted Decision Tree, Decision Forest, Logistic Regression, Neural 

Network and Support Vector Machine. 

7.1.2.1. Inventory of Resources  

 

As it has been described in the resource section, in order to carry out these projects we 

need human, material and software resources. In this section we are going to describe 

in more detail the software tools that we are going to use during the development of 

the project. 

As a main tool for the treatment of the data and apply machine learning we are going to 

use Microsoft Azure. For all the phases of the project that required data treatment and 

machine learning techniques we are going to use this tool. 
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7.1.3. Determine Data Mining Goals 
 

We describe in the section business goal states objectives in business terminology. 

Down below, we described the data mining goal states project objectives in technical 

terms (4). 

7.1.3.1. Data mining goals 

 

In technical terms the intended output of the project that enable the achievement of 

the business objectives described before is find the algorithms that can classify more 

efficiently the different types of breast cancer.  That means that from input data about 

a concrete case of Breast Cancer, we are going to predict if this cancer is benign or 

malign. Also, if it is recurrent or non-recurrent. 

7.1.3.2. Data mining Success  

 

The criteria that we established in order to evaluate if the project has a successful 

outcome in technical terms has relation with the level of the accuracy, precision, recall 

and F1 Score. Also, we are going to take into account the execution time and the 

memory footprint (17). 

We are going to define all these concepts in the Evaluation section. 
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7.2. Data Understanding 
 

The data understanding phase starts with the initial data collection and proceeds with 

activities that enable you to become familiar with the data, identify data quality 

problems, discover first insights into the data, and/or detect interesting subsets to form 

hypotheses regarding hidden information (4). 

7.2.1. Collect initial data 
 

This initial collection includes data loading, if necessary for data understanding. 

In our case we didn’t collect the data. We obtained the two data sets from a web page 

called UCI Machine Learning Repository.  

7.2.1.1. Initial data collection report 

 

As we said before, the data sets that we worked with we founded in UCI Machine 

Learning Repository web site. So, It was not necessary any method to acquire the data. 

In order to load the data sets we used the Microsoft Azure Machine Learning Studio. 

Concretely, we used the Import Data method. This method is used to load data from 

different sources. In our case we load the data from a Web URL, HTTP and the data 

format is .csv. For acquire both data sets, we had to do this process for each data set.  

The result of this process is a table for each data set with all the data loaded. Also, we 

had need to rename the column names with the name of the attributes. For that we 

used the method Edit Metadata.  

 

FIGURE 2. PROCESS FOR LOAD THE DATA ON THE EXPERIMENT. 
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7.2.2. Describe data 
 

In this section we described the data properties in more detail. 

7.2.2.1. Data description report 

 

Below is a description in more detail about the data that we are going to work with. 

 

Breast Cancer (Diagnosis) Wisconsin Data Set 

 

The data set contains data from 569 breast cancer cases containing 30 descriptive 

attributes and one binary classification that defines if the cancer is benign or malign. So, 

it consists of a matrix with 30 columns, where the first such column is the patient ID and 

the second column is the label diagnosis which is M for malignant and B for benign. The 

case distribution includes 357 cases of benign breast cancer and 212 cases of malignant 

breast cancer. The remaining 30 columns describe the following attributes: radius, 

texture, perimeter, area, smoothness, compactness, concavity, concave points, 

symmetry and fractal dimension.  

The mean standard deviation and mean of the worst 3 measurements are recorded for 

each of these ten attributes for a total of 30 variables. There are no missing attribute 

values. 

Breast Cancer (Prognostic) Wisconsin Data Set 

 

The data set contains data from 198 breast cancer cases containing 33 descriptive 

attributes and one binary classification that defines if the cancer is recurrent or non-

recurrent. So, it consists of a matrix with 33 columns, where the first such column is the 

patient ID, as in the previous data set, and the second column is the label outcome which 

is N for non-recurrent and R for recurrent. The case distribution includes 47 cases of 

recurrent cancers and 151 cases of non-recurrent cancer. The remaining 33 columns 

describe the same attributes as the Diagnosis data set and the followings ones: 

recurrence time, tumour size and lymph node status.  
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The mean standard deviation and mean of the worst 3 measurements are recorded for 

each of these ten common attributes for a total of 30 variables. There are no missing 

attribute values. 

Also, we have to know previously that all the instances in the Prognostic data set are 

malignant instances.  

7.2.3. Explore data 
 

In this section we are going to describe the data mining tasks like questions using 

querying, visualization, and reporting techniques (4). 

7.2.3.1. Data exploration report 

 

In order to explore the data, once we had loaded both data sets, Microsoft Azure shows 

you statistics and visualizations for every single attribute. More concretely, for each 

attribute shows: mean, median, min, max, standard deviation, unique values, missing 

values, feature type and finally a boxplot. Also, you can compare all the attributes with 

all the other attributes. 

7.2.4. Verify data quality 
 

In data mining project is really important to analyse the quality of the data. If we have a 

good data to work with our outcomes are going to be successful. Otherwise, the project 

will not be useful because it is going to predict based on wrong data (4). 

7.2.4.1. Data quality report 

 

There are three main factors that determine the quality of data, and when each of these 

components is properly satisfied, the result is high quality data. The three main factors 

of high quality data are: completeness, consistency, accuracy (16). 

Completeness refers to whether are any gaps in the data. In our data there is no gaps 

and cover all the cases required, so, we can affirm that it is completed. 
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Consistency refers to whether the types of data align with the expected versions of the 

data. The data described for the authors are the one expected on the data sets so, we 

are going to consider that the data is consistence. 

Data accuracy refers to whether the collected data is correct, and accurately represent 

what it should. We cannot prove this, but since the data is from a reliable source, we are 

going to consider that it is accurate.  

To sum up, after analyse our data, we can consider that the project is based on a high 

quality data. 
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7.3. Data Preparation 
 

The data preparation phase covers all activities needed to construct the final dataset 

from the initial raw data (4). In order to create a unified data set with three classes: 

benign, malignant-recurrent and malignant-non-recurrent we manipulated Breast 

Cancer Wisconsin Diagnostic and Prognostic. 

7.3.1. Select Data 
 

For the purpose of creating and unified data set first of all we have to select the data 

that we are going to use for the analysis.  

Initially we have two data sets Diagnosis (WDBC) and Prognostic (WPBC) with the 

attributes defined in the data description report. And what we want to create is a unified 

database with the three classes. The attributes of the two data sets are nearly the same. 

And the Prognostic data set shares a large part of the malignant instances. So, we made 

a new dataset combining the two data sets: 

Wisconsin Breast Cancer (WBC) = WDBC U WPBC 

 

 

Breast Cancer Wisconsin

Prognostic (198 cases)

Recurrence

(47 cases)

Non-Recurrence

(151 cases)

Breast Cancer Wisconsin

Diagnostic (569 cases)

Benign

(357 cases)

Malign

(212 cases)

FIGURE 3. THE STRUCTURE OF THE ORIGINAL 

BREAST CANCER WISCONSIN DIAGNOSTIC 

DATASET 

FIGURE 4. THE STRUCTURE OF THE ORIGINAL 

BREAST CANCER WISCONSIN PROGNOSTIC 

DATASET 



25 
 

 

FIGURE 3. THE STRUCTURE OF OUR MODIFIED DATASET. IT IS COMPOSED OF BENIGN CASES OF THE BREAST CANCER 

WISCONSIN DATASET AND OF MALIGNANT CASES OF  THE BREAST CANCER WISCONSIN PROGNOSTIC DATASET  

 

In order to create the final data set we applied different methods. As we said before, fist 

we had to import the data and edit the column names. As a result of these actions we 

had two databases: WDBC and WPBC. 

Once we had completed this process we had to unify these databases. First of all, we 

create a new database called Benign Breast Cancer Database (BBCDB) where we had all 

the benign cases of the WDBC. We created this database applying the method Apply SQL 

Transformation. In this SQL script we define that we want to select only the benign 

cases. 

Then, we created a new database called Malign Breast Cancer Database (MBCDB) where 

we had to integrate the malign cases that appear in the WDBC and also, in the WPBC 

database according with the patient Id. 

In order to integrate data from these two tables we used the method Join Data. This 

method requires a common “key” value to integrate the tables. In our case this value is 

the patient Id. Also, there are different forms to integrate data. The Join Data method 

contains the following ones: inner join, left join, right join and full join (19). 

Wisconsin Breast Cancer

(496 cases)

Benign

(357 cases)

Malign

Recurrent

(Cases)

Malign 

Non-recurrent

(cases)
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The one that we used to integrate the tables is inner join. An inner join integrates all 

rows with at least one key match WDBC and WPBC. So, the result is a database with all 

the malign cases that appears in both tables with the information from the two tables. 

Once we had separated and joined the benign and the malignant cases, we have all what 

we need to create the new database. To create the final database, we used another 

script of SQL with the method Apply SQL Transformation used before. In this method we 

indicated that we want a union of the two databases. Also, the MBCDB has more 

attributes than the BBCDB. These attributes are: outcome, time, tumour size and lymph 

node status. We defined as a null these attributes for the benign cases. 

Finally, the result database had 36 attributes and 496 rows.  

Down you can find the workflow of the described process. 

 

FIGURE 4. THE PROCESS FOR CREATE THE UNIFIED DATASET IN MICROSOFT AZURE STUDIO.  
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7.3.2. Clean Data 
 

Once we had selected the data we had to clean the data in order to raise the data quality 

to the level required by the selected analysis techniques. This may involve basically the 

selection of important attributes of the data (4). 

7.3.2.1. Data Cleaning Report 

 

As a result, from the Select Data we have a database with 36 attributes and 496 rows. 

So, we have to clean the database. In order to do it, we selected only the attributes that 

we consider that have importance for the prediction algorithm. So, we don’t need all 

the attributes that calculate the standard deviation and the worst case. We can exclude 

all them using the method Select Columns in Dataset and selection only the following 

attributes: id, diagnosis, outcome, time, radius, texture, perimeter, area, smoothness, 

compactness, concavity, concave points, symmetry, fractal dimension, tumour size and 

lymph node status. 

In conclusion the result database WBC has 496 rows and 16 columns where the 

attributes outcome, time, tumour size and lymph node status are null for the benign 

cases.  
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7.4. Modelling 
 

In this phase, various modelling techniques are selected an applied. We can apply 

several techniques for the same data mining problem type. Once we had decided which 

models we are going to use, we have to generate a test design, build the model and 

finally assess the model (4). 

Also, our project is divided into two phases of modelling. In the first one, we classified 

the cancer between malign or benign. And, in the second phase, we classified between 

recurrent or non-recurrent cancer. That involves that we need to apply two models in 

our data to achieve the initial objective. 

7.4.1. Select Modelling Techniques 
 

As we said at the assess situation the project addresses to apply the following models to 

solve the classification problem: Boosted Decision Tree, Decision Forest, Logistic 

Regression, Neural Network and Support Vector Machine. 

7.4.1.1. Modelling techniques 

 

In this section we are going to describe in detail the different ML supervised models that 

we applied to the data: Decision Trees, Random Forest, Logistic regression, Neural 

Networks and Support Vector Machine Learning. 

When we have to choose the algorithms that we want to apply, we have to considerate: 

the accuracy, the training time and the linearity of the algorithm.  Achieve the most 

accurate answer is not always necessary. Sometimes an approximation is adequate. 

Also, is important to take into account the number of minutes or hours are necessary to 

train the models. And finally, there are machine learning algorithms that make use of 

the linearity to predict the results. That it means that these algorithms assume that 

classes can be separated by a straight line (17). Logistic Regression and Support Vector 

Machine algorithms. These assumptions are not bad for some problems, but on the 

others they bring accuracy down. 
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Tree and forests 

 

Decision forests and boosted decision trees are both based on decision trees. There are 

many variants of decision trees, but basically what they do is subdivide the feature space 

into regions with mostly the same label. Because a feature space can be subdivides into 

arbitrarily small regions it’s easy to imagine dividing it finely enough to have one data 

point per region. In order to avoid this, a large set of trees are constructed with special 

mathematical care taken that the trees are no correlated.  

The average of this "decision forest" is a tree that avoids overfitting. Decision forests can 

use a lot of memory. 

Boosted decision trees avoid overfitting by limiting how many times they can subdivide 

and how few data points are allowed in each region (17). 

Decision Tree 

  

In our project we applied the Two-Class Boosted Decision Tree module to create a 

machine learning model that is based on the boosted decision trees algorithm. Boosted 

Trees algorithms are a type of Decision Tree Learning (17).  

The Decision Tree is one of the most popular classification algorithms in current use in 

Data Mining and ML. A decision tree is a predictor, h: X -> Y, that predicts the label 

associated with an instance x by travelling from a root node of a tree to leaf. 

In Data Mining and ML the goal is to create a model that predicts the value of a target 

variable based on several input variables. A tree can be "learned" by splitting the source 

set into subsets based on an attribute value test. This process is repeated on each 

derived subset in a recursive manner called recursive partitioning. The recursion is 

completed when the subset at a node has all the same value of the target variable, or 

when splitting no longer adds value to the predictions. 
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Random Forest  

 

Also, in our project we used the Two-Class Decision Forest module to create a ML model 

based on the random decision forests algorithm (17). 

Random forests or random decision forests are an ensemble learning method for 

classification, regression and other tasks that operate by constructing a multitude of 

decision trees at training time and outputting the class that is the mode of the classes 

of the individual trees. Random decision forests correct for decision tree’s habit of over 

fitting to their training set. 

In particular, trees that are grown very deep tend to learn highly irregular patterns: they 

over fit their training sets, i.e. have low bias, but very high variance. Random forests are 

a way of averaging multiple deep decision trees, trained on different parts of the same 

training set, with the goal of reducing the variance. 

  

Logistic Regression  

 

We applied the Two- Class Logistic Regression module to create a logistic regression 

model that can predict one of the two states of the target variable (17). 

Logistic regression is a well-known statistical technique that is used for modelling many 

kinds of outcomes. Classification using logistic regression is a supervised learning 

method, and therefore requires a labelled data set. For this model, the label column can 

contain only two values.  

Logistic regression is fast and simple. The fact that uses and “S” shaped curve instead of 

straight line makes it a natural fit for dividing data into groups. 
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Neural Network  

 

Also, we used the Two-Class Neural Network module to create a neural network that 

can be used to predict a target that has only two values. Actually, neural networks use 

to be used for medical scenarios (17). 

Neural networks are brain-inspired algorithms. A neural network is a set of 

interconnected layers, in which the inputs lead to outputs by a series of weighted edges 

and nodes. 

The weights on the edges are learned when training the neural network on the input 

data. The direction of the graph proceeds from the inputs through the hidden layer, with 

all nodes of the graph connected by the weighted edges to nodes in the next layer. 

Most predictive tasks can be accomplished easily with only one or a few hidden layers. 

Recent research has shown that deep neural networks (DNN) can be very effective in 

complex tasks such as image or speech recognition, in which successive layers are used 

to model increasing levels of semantic depth. 

To compute the output of the network for any given input, a value is calculated for each 

node in the hidden layers and in the output layer. For each node, the value is set by 

calculating the weighted sum of the values of the nodes in the previous layer and 

applying an activation function to that weighted sum. 

The high performance of neural networks implies a long time to train, particularly for 

large data sets with lots of features. 
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Support Vector Machine  

 

The last model that we used is a Two-Class Support Vector Machine module to create a 

model that is based on the support vector machine algorithm. The classifier that this 

module initializes is useful for predicting between two possible outcomes that depend 

on continuous or categorical predictor variables (17). 

Support vector machines (SVMs) are supervised learning models that analyse data and 

recognize patterns. They can be used for classification and regression tasks. 

Support vector machines are among the earliest of machine learning algorithms. 

Although recent research has developed algorithms that have higher accuracy, this 

algorithm can work well on simple data sets when your goal is speed over accuracy. 

Basically support vector machines find the boundary that separates the classes by a wide 

margin as possible. So, Support Vector Machine is based on linear approximation. 

 

7.4.2. Generate test Design 
 

In order to verify that the model is working correctly, we have to design a test design. 

7.4.2.1. Test design 

 

The test design consists in separate the data into training and testing data sets before 

we started to apply machine learning techniques to the data. This is important because 

is the way to evaluate the data mining models. Normally, most of the data are used for 

training, and a smaller portion is used for testing. In our problem the training set has 

70% of data and the test set the 30%.  

In Azure, we used the module Split Data to separate the data. As a result, we had two 

new databases: training data set (TrainingDS) and test data set (TestDS). 

  



33 
 

7.4.3. Build Model 
 

In this section we are going to describe the algorithms with models of Microsoft Azure. 

7.4.3.1. Parameter Settings 

 

Boosted Decision Tree in Azure 

 

 In order to configure a boosted tree model in Azure first we added the Boosted Decision 

Tree module to the experiment. Then, we specified the attribute value test and the 

following parameters: create trainer mode, maximum number of leaves per tree, 

minimum number of samples per leaf node, learning rate, number of trees constructed, 

random number seed and allow unknown categorical levels.  

Decision Forest in Azure 

 

For configure a Decision Forest in Azure first as well as with the Boosted Decision Tree 

we added the Decision Forest module to the experiment. Then we specified the 

attributes value test and the following parameters: resampling method, number of 

decision trees, maximum depth of the decision trees, number of random splits per node 

and minimum number of sample per leaf node. 

Logistic Regression in Azure 

 

For configure a Logistic Regression in Azure first we added the Logistic Regression 

module to the experiment. Then we specified the attributes value test and the following 

parameters: optimization tolerance, regularization weigh, memory size and random 

number seed. 

  



34 
 

Neural Network in Azure 

 

For configure a Neural Network t in Azure first as well as with the Boosted Decision Tree 

we added the Neural Network module to the experiment. Then we specified the 

attributes value test and the following parameters: select the type network architecture, 

number of hidden nodes, learning rate, number of learning iterations, the initial learning 

weights diameter, the momentum, type of normalizer and random number seed. 

 

Support Vector Machine in Azure 

 

In order to configure the Support Vector Machine model we added the Support Vector 

Network module to the experiment. Then we specified the attributes value test and the 

following parameters: number of iterations, lambda, if we want to normalize features, 

if we want to normalize coefficients and random number seed.
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. 

7.4.3.2. Model 

 

Next, for each model explained before there is his application in Azure. For each 

algorithm, we need to add the following modules: a model module which change 

depending on the module that we are working with, a Train Model and Score Model. 

The module Train Model is a kind of supervised machine learning. That means that we 

have to provide a data set that contains historical data from which to learn the patterns. 

The data should contain both the outcome that we are trying to predict and related 

factors. In our case, the data is the TrainingDS. Then, the machine learning model uses 

the data to extract statistical patterns and build the model. 

The module Score Model predicts the output value for the class, as well as the probability 

of the predicted value. 

Also, to achieve the final classification, we had to apply the previous process twice. 

Meaning, that the process consists in two classifications. The first classification classifies 

between benign and malign and the second one between recurrent and non-recurrent 

cancer. 
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Boosted Decision Tree in Azure 

 

Down below, there is the workflow for the algorithm Boosted Decision Tree. We can see that the 

model is applied two times because the process consist in two classifications.  

 

 

FIGURE 5. BOOSTED DECISION TREE WORKFLOW IN AZURE STUDIO. 
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Decision Forest in Azure 

 

Down below, there is the workflow for the algorithm Decision Forest. We can see that the model is 

applied two times because the process consist in two classifications.  

 

 

FIGURE 6.  DECISION FOREST WORKFLOW IN AZURE STUDIO. 
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Logistic Regression in Azure 

 

Down below, there is the workflow for the algorithm Logistic Regression. We can see that the 

model is applied two times because the process consist in two classifications.  

 

 

FIGURE 9. LOGISTIC REGRESSION  WORKFLOW IN AZURE STUDIO. 

 

  



39 
 

Neural Network in Azure 

 

Down below, there is the workflow for the algorithm Neural Network. We can see that the model is 

applied two times because the process consist in two classifications.  

 

 

FIGURE 10. NEURAL NETWORK WORKFLOW IN AZURE STUDIO. 
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Support Vector Machine Azure 

 

Down below, there is the workflow for the algorithm Support Vector Machine. We can see that the 

model is applied two times because the process consist in two classifications.  

 

 

FIGURE 11. SUPPORT VECTOR MACHINE WORKFLOW IN AZURE STUDIO. 
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7.5. Evaluation 
 

At this stage of the project, you have built a model (or models) that appears to have high 

quality from a data analysis perspective. Before proceeding to final deployment of the 

model, it is important to thoroughly evaluate it and review the steps executed to create 

it, to be certain the model properly achieves the business objectives. A key objective is 

to determine if there is any important business issue that has not been sufficiently 

considered. At the end of this phase, a decision on the use of the data mining results 

should be reached (4). 

7.5.1. Evaluate Results 
 

As we said, in a binary classification scenario like this, the target variable has only two 

possible outcomes. In order to evaluate the models in Azure, we used the method 

Evaluate Model. 

The evaluation metrics that available for binary classification models are: Accuracy, 

Precision, Recall, F1 Score and AUC. In addition, the method outputs a confusion matrix 

as well as the ROC, Precision/Recall and Lift plots (17). 

Confusion matrix is a clean and unambiguous way to present the prediction results of a 

classifier. Also called a contingency table (18). 

 Predicted Positive Predicted Negative 

Actual Positive TP FN 

Actual Negative FP TN 

TABLE 1. CONFUSION MATRIX 

Predicted positive and predicted negative is our model outcomes (19).  

Actual positive and actual negative is the actual value of the case (19). 

TP: True Positive. That means that the actual case it was positive and our predicted case 

was positive (19). 

TN: True Negative. That means the actual true case was negative and our predicted case 

was negative (19). 
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FP (error case): False Positive. We predicted a positive outcome, but yet the actual case 

was negative, so. We falsely predicted positive (19). 

FN (error case): False negative. The actual label was positive yet our model predicted 

negative. We falsely predicted negative (19). 

Accuracy is the number of correct predictions made divided by the total number of 

predictions made, multiplied by 100 to turn it into a percentage (20). 

Precision is the number of True Positives divided by the number of True Positives and 

False Positives. Put another way, it is the number of positive predictions divided by the 

total number of positive class values predicted. It is also called the Positive Predictive 

Value (PPV) (17) (21). 

Recall is the number of True Positives divided by the number of True Positives and the 

number of False Negatives. Put another way, it is the number of positive predictions 

divided by the number of positive class values in the test data. It is also called Sensitivity 

or the True Positive Rate (17) (21). 

F1 score it is also called the F Score or the F Measure. Put another way, the F1 score 

conveys the balance between the precision and the recall (17). 

𝐹1 𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

Receiver Operating Characteristic (ROC) is a plot that illustrates the true positive rate 

(TPR) against the false positive rate (FPR) at various threshold settings (17). Area Under 

the Curve (AUC) it refers to the amount of area under the ROC curve, which theoretically 

is a value between 0 and 1 (17). The closer this curve is to the upper left corner, the 

better the classifier’s performance is (that is maximizing the true positive rate while 

minimizing the false positive rate). Curves that are close to the diagonal of the plot, 

result from classifiers that tend to make predictions that are close to random guessing. 

Lift Chart represents the improvement that a mining model provides when compared 

against a random guess, and measures the change in terms of a lift score. By comparing 

the lift scores for different models, you can determine which model is best. Also, we can 

determine the point in which the model’s predictions became less useful (17).   
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Boosted Decision Tree evaluation model 

 

1st Classification Phase 

 

True Positive False Negative Accuracy Precision 

34 0 1.000 1.000 
False Positive True Negative Recall  F1 Score 

0 0 1.000 1.000 
Positive Label Negative Label   

M (Malign) B (Benign)   

 

TABLE 2. RESULTS OF EVALUATION OF THE 1ST CLASSIFICATION AFTER APPLY THE BOOSTED DECISION TREE MODEL. 
THE MODEL PREDICTED ALL THE CASES CORRECTLY. 

 

 

2nd Classification Phase 

 

True Positive False Negative Accuracy Precision 

3 3 0.853 0.6000 
False Positive True Negative Recall  F1 Score 

2 26 0.500 0.545 
Positive Label Negative Label   
R (Recurrent) N (Non-Recurrent)   

 

TABLE 3. RESULTS OF EVALUATION OF THE 2ND CLASSIFICATION AFTER APPLY THE BOOSTED DECISION TREE MODEL. 
THE MODEL DID A WRONG PREDICTION IN 5 CASES AND A CORRECT PREDICTION IN 29 CASES. 
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Decision Forest evaluation model 

 

1st Classification Phase 

 

True Positive False Negative Accuracy Precision 

36 0 1.000 1.000 
False Positive True Negative Recall  F1 Score 

0 113 1.000 1.000 
Positive Label Negative Label   
R (Recurrent) N (Non-Recurrent)   

 

TABLE 4. RESULTS OF EVALUATION OF THE 1ST CLASSIFICATION AFTER APPLY THE DECISION FOREST MODEL. THE 

MODEL PREDICTED ALL THE CASES CORRECTLY. 

 

 

2nd Classification Phase 

  

True Positive False Negative Accuracy Precision 

3 3 0.806 0.429 
False Positive True Negative Recall  F1 Score 

4 26 0.500 0.462 
Positive Label Negative Label   
R (Recurrent) N (Non-Recurrent)   

 

TABLE 5 RESULTS OF EVALUATION OF THE 2ND CLASSIFICATION AFTER APPLY THE DECISION FOREST MODEL. THE 

MODEL DID A WRONG PREDICTION IN 7 CASES AND A CORRECT PREDICTION IN 29 CASES. 
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Logistic Regression evaluation model 

 

1st Classification Phase 

 

True Positive False Negative Accuracy Precision 

34 0 1.000 1.000 
False Positive True Negative Recall  F1 Score 

0 0 1.000 1.000 
Positive Label Negative Label   
R (Recurrent) N (Non-Recurrent)   

 

TABLE 6. RESULTS OF EVALUATION OF THE 1ST CLASSIFICATION AFTER APPLY THE LOGISTIC REGRESSION MODEL. THE 

MODEL PREDICTED ALL THE CASES CORRECTLY. 

 

 

 

2nd Classification Phase 

 

True Positive False Negative Accuracy Precision 

0 6 0.824 1.000 
False Positive True Negative Recall  F1 Score 

0 28 0.000 0.000 
Positive Label Negative Label   
R (Recurrent) N (Non-Recurrent)   

 

TABLE 7 RESULTS OF EVALUATION OF THE 2ND CLASSIFICATION AFTER APPLY THE LOGISTIC REGRESSION MODEL. THE 

MODEL DID A WRONG PREDICTION IN 6 CASES AND A CORRECT PREDICTION IN 28 CASES. 
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Neural Network evaluation model 

 

1st Classification Phase 

 

True Positive False Negative Accuracy Precision 

34 0 1.000 1.000 
False Positive True Negative Recall  F1 Score 

0 0 1.000 1.000 
Positive Label Negative Label   

M (Malign) B (Benign)   

 

TABLE 8. RESULTS OF EVALUATION OF THE 1ST CLASSIFICATION AFTER APPLY THE NEURAL NETWORK MODEL. THE 

MODEL PREDICTED ALL THE CASES CORRECTLY. 

 

 

 

2nd Classification Phase 

 

True Positive False Negative Accuracy Precision 

2 4 0.765 0.333 
False Positive True Negative Recall  F1 Score 

4 24 0.333 0.333 
Positive Label Negative Label   
R (Recurrent) N (Non-Recurrent)   

 

TABLE 9 RESULTS OF EVALUATION OF THE 2ND CLASSIFICATION AFTER APPLY THE NEURAL NETWORK MODEL. THE 

MODEL DID A WRONG PREDICTION IN 8 CASES AND A CORRECT PREDICTION IN 26 CASES. 
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Support Vector Machine evaluation model 

 

1st Classification Phase 

 

True Positive False Negative Accuracy Precision 

34 0 1.000 1.000 
False Positive True Negative Recall  F1 Score 

0 0 1.000 1.000 
Positive Label Negative Label   

M (Malign) B (Benign)   

 

TABLE 10. RESULTS OF EVALUATION OF THE 1ST CLASSIFICATION AFTER APPLY THE SUPPORT VECTOR MACHINE 

MODEL. THE MODEL PREDICTED ALL THE CASES CORRECTLY. 

 

 

 

2nd Classification Phase 

 

True Positive False Negative Accuracy Precision 

1 5 0.735 0.200 
False Positive True Negative Recall  F1 Score 

4 24 0.167 0.182 
Positive Label Negative Label   
R (Recurrent) N (Non-Recurrent)   

 

TABLE 11 RESULTS OF EVALUATION OF THE 2ND CLASSIFICATION AFTER APPLY THE SUPPORT VECTOR MACHINE 

MODEL. THE MODEL DID A WRONG PREDICTION IN 9 CASES AND A CORRECT PREDICTION IN 25 CASES. 
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7.5.2. Review Process 
 

Results are described in Table 12 and 13 after applying several algorithms to the unified 

dataset.  

As we can see described in Table 12 the results of the 1st Classification for all of the 

algorithms are the same. All of them achieve the best accuracy, precision, recall and F1 

score. In front of these results, in order to select the best algorithm, we have to take 

into account the accuracy, the training time and the memory footprint of each 

algorithm. The model that presents the best results for all the previous metrics is the 

one that we are going to consider the best for the 1st phase of classification.   

 

Algorithm properties: 

● shows excellent accuracy, fast training times, and the use of linearity 

○ shows good accuracy and moderate training times 

 

The Boosted Decision Tree presents excellent accuracy and good training time, but it has 

a large memory footprint. Moreover, the Decision Forest has the same properties as The 

Boosted Decision Tree, but the footprint memory of this one is less than the first one. 

So, between these two we choose Decision Forest. 

Algorithm Accuracy 
Training 

time 
Linearity Parameters Notes 

boosted 
decision tree 

● ○  6 
Large memory 

footprint 

decision 
forest 

● ○  6  

logistic 
regression 

 ● ● 5  

neural 
network 

●   9 
Additional 

customization is 
possible 

support 
vector 

machine 
 ○ ● 5 

Good for large 
feature sets 

TABLE 12. SUMMARY TABLE OF THE PROPERTIES OF THE DIFFERENT MODELS (17). 
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On the other hand, we have the Logistic Regression algorithm that shows an excellent 

training time, but his accuracy is worse than accuracy of the Decision Forest. What is 

more, our data set does not have a large feature set. So we considered that is no 

adequate the Support Vector Machine model. And the Neural Network only presents 

good results on the accuracy.  

Finally, we can affirm that for the 1st Classification the algorithm that fits better the 

properties of the problem that we want to solve is the Decision Forest model. 

In relation with the 2nd Classification we can see the results described in Table 13. The 

algorithms with the best results are the Boosted Decision Tree and the Logistic 

Regression. For one hand, the Boosted Decision Tree is the model with the best 

accuracy, but his precision is lower than the Logistic Regression precision. Also, the recall 

and f1 score are higher than the Logistic Regression recall and f1 score.  

Finally, we can affirm that for the 2nd Classification the algorithm that fits better the 

properties of the problem that we want to solve is the Boosted Decision Tree model. 

Algorithm 1st Classification Accuracy Precision Recall F1 Score 

Boosted Decision Tree 1.000 1.000 1.000 1.000 

Decision Forest 1.000 1.000 1.000 1.000 

Logistic Regression 1.000 1.000 1.000 1.000 

Neural Network 1.000 1.000 1.000 1.000 

Support Vector Machine 1.000 1.000 1.000 1.000 

 

TABLE 13. SUMMARY TABLE OF THE 1ST CLASSIFICATION RESULTS. 

 

Algorithm 2nd Classification Accuracy Precision Recall F1 Score 

Boosted Decision Tree 0.853 0.600 0.500 0.545 

Decision Forest 0.806 0.429 0.500 0.462 

Logistic Regression 0.824 1.00 0.000 0.000 

Neural Network 0.765 0.333 0.333 0.333 

Support Vector Machine 0.735 0.200 0.167 0.182 

 

TABLE 14. SUMMARY TABLE OF THE 2ND CLASSIFICATION RESULTS. 



50 
 

7.6. Deployment 
 

In this section is described how the project was deployed. The different decisions and 

steps that I had to do in order to achieve the final result. 

On one hand when I started this project my main goal was learn more about Data Mining 

and Machine Learning. I was interested in these two fields because I think that nowadays 

they are important fields of software development and I did not know anything before. 

I had not studied any course related to these topics before.  On the other hand I wanted 

to apply these techniques to an important issue for me that keeps me motivated. So, I 

choose the Breast Cancer to work with.  

Right after, I discovered Kaggle. Kaggle is the world's largest community of data 

scientists (22). They compete with each other to solve complex data science problems, 

and the top competitors are invited to work on the most interesting and sensitive 

business problems from some of the world’s biggest companies through Masters 

Competitions. Kaggle was founded by Anthony Goldbloom in 2010 in Melbourne, and 

moved to San Francisco in 2011. In Kaggle I found a data set related with Breast Cancer 

and I started to work with this data set. But quickly I realised that the data set called 

Breast Cancer Proteomes required a high medical knowledge (23).  

While I was working with Breast Cancer Proteomes data set appeared published in 

Kaggle a new data set related to Breast Cancer. These was Breast Cancer (Diagnostic) 

data set (24). Then, I thought that it could be a good idea to combine both data sets for 

creating a new unified one. But obviously, that idea did not have sense because each 

data set has their own cases. In front of the difficulty of the first set, I decided to focus 

my work on the second data set. 

Meanwhile, I was doing research about the Breast Cancer (Diagnostic) data set I 

discovered that there is another one from the same authors called the Breast Cancer 

(Prognostic) that contains cases that appeared on the first one. So I can create and 

unified data set with all the information. In front of this situation, I decided to work with 

these two databases independently from Kaggle. 
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Once I decided the data which I will work with I started to look for tutorial, previous 

researches and study about Machine Learning and Data Mining.  So, the next step was 

learning as much as possible about the techniques in order to know how to work and 

solve the problem that the both data bases presented. 

After this learning period, I had to choose the tool which I was going to work with. In 

this decision, my supervisor Philippe Bonnet, help me because he suggested to me to 

use Microsoft Azure. 
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8. Conclusions 
 

Along this project I acquired theoretical and practical knowledge about Data Mining and 

Machine Learning. What is more, I learned and applied a new work methodology. In 

detail CRISP-DM. Also, I worked with a new software tool. I worked with Microsoft 

Azure. 

At the beginning of the project I know which my goals were but I did not know how to 

achieve these objectives. The main aim of the project was learning more about Data 

Mining and Machine Learning. Both are subfields of computer science. Also, they have 

relations between them. What I know from my experience is that Data Mining is the 

subfield that studies the data properties and Machine Learning is the subfield focuses 

on prediction, based on known properties learned from the training data. So we can 

affirm that sometimes before we apply Machine Learning, we have to apply Data 

Mining. Also, that if we have a project with a high quality data then the predictions and 

the knowledge are going to be more interesting and valuable. 

About CRISP-DM, it helped to me in order to understand the different steps along with 

my project. Also, helped to me to structure the project. Once I knew which was the 

problem that I wanted to solve and the data that I am going to work with, the CRISP-DM 

had been my guide to develop the project. 

In relation with Microsoft Azure is the cloud computing platform that allowed to me to 

develop the technical part of the project. Microsoft Azure permits me to put in practice 

my theoretical knowledge and try different approaches in order to find the best solution. 

To sum up, I think that I achieved the goals of the project. Meaning that I could find a 

good model approach to solve the classification problem. Also, I could affirm that I 

acquired new technology skills that I did not have before. And for me, this is the most 

important result of this project. 
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