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Abstract: 

Cancer has been characterized as a heterogeneous disease consisting of many different subtypes. 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 (ML) methods. In this work it has been 

proposed to use a hybrid of Random Forest and Logistic Regression algorithms for building a breast cancer survivability 

prediction model. The Random Forest Technique is used to perform a preliminary screening of variables and to receive important 

ranks. Then, the new data set is extracted from initial WDBC dataset according to top-k important predictors and is input into the 

Logistic Regression procedure, which is responsible for building interpretable models for predicting breast cancer survivability. 

The capacity of this combination method is evaluated using basic performance measurements (e.g., accuracy, sensitivity and 

specificity) along with a 10-fold cross validation. Analysis results reveals that the proposed method provide higher accuracy and 

relatively a simple model.  

 

Index Terms: RF Random Forest, LR Logistic Regression, WDBC Wisconsin Breast Cancer Data, ROC Receiver Operating 

Characteristic, AUC Area under Curve 

 

I. INTRODUCTION 
 

Data Standards in cancer research have been evolving 

considerably. Technical Standards and data administration are 

the requirements of Diagnosis and Prognosis with enormous 

challenges. Cancer, a deadly disease can be analyzed with the 

innumerable genomic data and ethical analysis with big data 

functionalities as its crux. Normally the exome data for 

analysis is generated by NGS technologies. A single Cancer 

patient’s exome data ranges from 10 Gigabytes to 15 

Gigabytes. This largest range of Omics data can only be 

analyzed by Big Data computational models. Cancer is still a 

major challenge in research and medical world despite many 

advances in technology. Analysis of cancer requires Petabytes 

of data. This requires various clinical and analytical databases 

with high dimensional scaling and interpretation. These 

databases are libraries of information that are collected from 

various scientific experiments, high throughput computational 

analysis and publication literature. Thereby, Biological and 

clinical researchers now face a increasingly large complex data 

sets. Although a standard genomic microarray may profile a 

genome for hundreds to thousands of features per sample. 

Current Next-Generation sequences provide over 100GB of 

raw sequence reads per genome. These data couples with 

clinical and phenotypic attributes have the potential to 

significantly expand our understanding of disease. However, 

this also provides Non-trivial issues in data storage and 

analysis. Thus, the requirement of Big Data and its 

computational technologies is the most required feature to 

scale these high dimensional data. The analysis methods being 

incorporated with Big Data yields a result with the analysis and 

prediction over the survival rate of the patient. The analysis 

will look for the genomics and clinical data from the patient as 

the input. The clinical information contains the details like age, 

tumor, node, metastasis and prescribed drug etc and genomics 

data contains DNA sequencing or Gene expression data. Our 

task is to identify the state of the disease and the survival 

potential of the patient. This also includes suggestions for line 

of treatment with possible drug, along with the side-effect and 

the toxicity of the prescribed drugs and the individual person 

specific correct medication by taking care of past medical 

history intelligently. 

  

1.1 APPLICATION OF MACHINE LEARNING IN 

CANCER PREDICTION 

 

Machine learning is a branch of artificial intelligence that 

employs a variety of statistical, probabilistic and optimization 

techniques that allows computers to “learn” from past 

examples and to detect hard-to-discern patterns from large, 

noisy or complex data sets. This capability is particularly well-

suited to medical applications, especially those that depend on 

complex proteomic and genomic measurements. As a result, 

machine learning is frequently used in cancer diagnosis and 

detection. More recently machine learning has been applied to 

cancer prognosis and prediction. This latter approach is 

particularly interesting as it is part of a growing trend towards 

personalized, predictive medicine. In assembling this review 

we conducted a broad survey of the different types of machine 

learning methods being used, the types of data being integrated 

and the performance of these methods in cancer prediction and 

prognosis. A number of trends are noted, including a growing 

dependence on protein biomarkers and microarray data, a 

strong bias towards applications in prostate and breast cancer, 

and a heavy reliance on “older” technologies such artificial 

neural networks (ANNs) instead of more recently developed or 

more easily interpretable machine learning methods. A number 

of published studies also appear to lack an appropriate level of 

 

Research Article                                                                                                                              Volume 7 Issue No.4  



 

International Journal of Engineering Science and Computing, April 2017         10709                                                                 http://ijesc.org/ 

 

validation or testing.  Among the better designed and validated 

studies it is clear that machine learning methods can be used to 

substantially (15–25%) improve the accuracy of predicting 

cancer susceptibility, recurrence and mortality. At a more 

fundamental level, it is also evident that machine learning is 

also helping to improve our basic understanding of cancer 

development and progression. 

  

2.  LITERATURE REVIEW 

 
2.1   Predicting the Survivability of Breast Cancer Patients 

using Ensemble Approach 

 

Data mining in health care is one of most preferable research 

field in these days. In healthcare, data are coming from 

different sources and are continuously stored in data 

repositories. Healthcare organization generates vast amount of 

data which contains useful information. Data Mining is used 

for uncovering the valuable information from medical data 

which in turn helpful for making important decision regarding 

patient's health. This paper used breast cancer data from SEER 

(Surveillance of Epidemiology and End Result) which is 

contributed by National Cancer Institute. The dataset consists 

data of various types of cancer such as breast, lung, oral cancer 

etc. The proposed research work first analyzes the breast 

cancer dataset and then applying data mining approach to 

evaluate the results. Data Mining is used for getting the 

patterns of the disease which can be effectively utilized by 

medical practitioner. 

 

Techniques Used 

 

 Data Mining Techniques such as Regression and 

Anomaly detection 

 

Limitation 

 

  Difficult to analyze the data with the restricted 

Data set and scalability of prediction is not bound to time 

 

2.2 Predicting Breast Cancer Survivability Using Random 

Forest and Multivariate Adaptive Regression Splines 

 

A hybrid of random forest and multivariate adaptive regression 

splines algorithms for building a breast cancer survivability 

prediction model. We use random forest to perform a 

preliminary screening of variables and to receive a importance 

ranks. Then, the new dataset is extracted from initial WDBC 

dataset according to top-k important predictors and is input 

into the MARS procedure, which is responsible for building 

interpretable models for predicting breast cancer survivability. 

The capability of this combination method is evaluated using 

basic performance measurements (e.g., accuracy, sensitivity, 

and specificity) along with a 10-fold cross-validation. 

Experimental results show that the proposed method provides a 

higher accuracy and a relatively simple model. 

 

Techniques Used 

 

 Multivariate Adaptive Regression Splines 

 

Limitation 

 

 Poor handling of missing values that led to inaccuracy 

in prediction. 

2.3   Identification of Gene Signatures for Classifying of 

Breast Cancer Subtypes Using Protein Interaction 

Database and Support Vector Machines:  

 

Many studies have used the microarray gene expression data in 

order to classifying breast cancer subtypes. However, the 

classification accuracy was not acceptable in many cases even 

by applying the algorithms to only a single set of data. In this 

regard, using appropriate algorithm in every step of whole 

procedure, applying useful bioinformatics databases, 

considering the interaction among genes, and properly 

combining analytical steps are the main challenging problems. 

In this study a solution was proposed which followed a three 

step process. In the first step a filter feature selection method 

was used to produce a small set of informative genes. In the 

second step, the primary selected genes were mapped on the 

protein-protein interaction network to extend the gene set 

according to the linking among corresponding proteins. Thus, a 

portion of genes that was pruned in the first stage is added 

again to the primary set of selected genes. In the final stage, by 

using support vector machine-based recursive feature 

elimination (SVMRFE) method, the final set of informative 

genes was identified. After that, we compared our proposed 

algorithm with decision tree methods in the same datasets.  

The proposed procedure was evaluated on two publicly 

available DNA microarray dataset, including 456 samples on 

breast cancer. The proposed algorithm reached to 100% 

accuracy for predicting Luminal B by using the JMI method in 

the first step. In conclusion the proposed method showed an 

appealing improvement in classification accuracy for a 

multiclass prediction problem. We can predict subtypes with 

greater than 91.2% overall accuracy by proposed algorithm. 

However, the accuracy of prediction subtypes in tree decision 

method is 78.6%. 

 

Techniques Used 

 

 Reinforcement learning 

 Anomaly detection 

 

Limitation 

 

  Unable to handle large volume of data 

 

2.4   Evolutionary Conformal Prediction for Breast Cancer 

Diagnosis 

 

Conformal Prediction provides a framework for extending 

traditional Machine Learning algorithms, in order to 

complement predictions with reliable measures of confidence. 

The provision of such measures is significant for medical 

diagnostic systems, as more informed diagnoses can be made 

by medical experts. A Conformal Predictor based on Genetic 

Algorithms, and we apply our method on the Wisconsin Breast 

Cancer Diagnosis (WBCD) problem. The results in which it 

has been revealed that our method is efficient, in terms of 

accuracy, and can provide useful confidence measures. 

 

Techniques Used: 

 

 K- Means Clustering 

 

Limitation: 

 

 Data obtained is highly unreliable and speed is not 

achieved. 
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2.5 Predicting Breast Cancer Survivability Using Data 

Mining Techniques 

 

An analysis of the prediction of survivability rate of breast 

cancer patients using data mining techniques has been made. 

The data used is the SEER Public-Use Data. The pre-processed 

data set consists of 151,886 records, which have all the 

available 16 fields from the SEER database. The data mining 

techniques: the Naïve Bayes, the back-propagated neural 

network, and the C4.5 decision tree algorithms were employed. 

Several experiments were conducted using these algorithms. 

The achieved prediction performances are comparable to 

existing techniques. However, it was found out that C4.5 

algorithm has a much better performance than the other two 

techniques. 

 

Techniques Used 

 

    Regression 

   Classification 

 

Limitation 

 

 Unable to handle large volume of data. 

 

2.6 Association Rule Mining Based Predicting Breast 

Cancer Recurrence on SEER Breast Cancer Data 

 

Breast cancer is the most well-known type of cancer in women 

in the developed nations including India. Breast cancer could 

recur anytime in the breast cancer survivors, however basically 

it returns in the initial three to five years after the treatment. To 

investigate the feasibility of utilizing an association rule 

mining for a clinical oncology doctor in expectation of breast 

cancer recurrence on SEER (Surveillance, Epidemiology, and 

End Results) dataset have been used. 

 

Techniques Used 

 

 Association rules. 

    Reinforcement learning 

 

Limitation 

 

 Efficiency in not achieved in terms of fastness and 

accuracy. 

 

3.   EXISTING SYSTEM    

 

3.1 PROBLEM STATEMENT: 

 

A hybrid of random forest and multivariate adaptive regression 

splines algorithms for building a breast cancer survivability 

prediction model. It uses random forest to perform a 

preliminary screening of variables and to receive an 

importance ranks. Then, the new dataset is extracted from 

initial WDBC dataset according to top-k important predictors 

and is input into the MARS procedure, which is responsible for 

building interpretable models for predicting breast cancer 

survivability. The capability of this combination method is 

evaluated using basic performance measurements (e.g., 

accuracy, sensitivity, and specificity) along with a 10-fold 

cross-validation. Experimental results show that the proposed 

method provides a higher accuracy and a relatively simple 

model. Breast cancer has been known as the most widespread 

cancer amongst women and also the major cause of female 

cancer death all over the world. As a result, breast cancer 

diagnosis has become a major class of problems in medical 

science. An accurate prognosis in patients with early stage of 

breast cancer is significantly important to reduce mortality rate 

in patients with breast cancer. Recently, much research has 

analyzed the course and outcome of disease which can help 

patients to have an idea of how to make decisions about their 

quality of life in accordance with their finances]. With the 

rapid development of database technology, large volumes of 

medical data are being collected and stored, which are 

available to build prediction models for disease survivability. 

On the other side, data mining techniques, including decision 

tree, neural networks support vector machine and AdaBoost , 

has become a popular research tool for medical researchers 

who seek to identify and disclose patterns and relationships 

among large number of variables, and be able to predict the 

outcome of a disease using the historical cases stored within 

datasets . Recently, Random Forest (RF) has become an 

attractive ensemble method in data mining. As a classifier 

integration method, RF have the features of classifying fast and 

training simple and is suitable for feature selection according 

to variable importance. Meanwhile, Multivariate Adaptive 

Regression Splines (MARS) has become particularly popular 

in the area of data mining because it does not assume or 

impose any particular type or class of relationship between the 

predictor and the dependent variable in prior. It has made a 

combination of RF and MARS for predicting breast cancer 

survivability, using Wisconsin breast cancer data (WBCD) 

from the UCI Machine Learning Repository. The 10-fold 

cross-validation method, confusion matrix, accuracy, 

sensitivity and specificity are used to evaluate the performance 

of the models for breast cancer survivability prediction.  

 

3.2 LIMITATIONS OF THE EXISTING SYSTEM: 

 

Data are visualized by manual work. 

 

 Time taken for predicting tumor is high. 

 The correct stage of the breast cancer is not predicted 

accurately. 

 The risk of prediction is high and data are not 

visualized properly 

 

4. PROPOSED SYSTEM 

 

In this project, it has been proposed to build a system which is 

intended for prediction of breast cancer which has to be carried 

out with very minimal time constraint and that has been the 

significant drawbacks of most of the existing system. The 

project aims to address the challenges of the existing system 

using Random Forest for classification which is used in the 

cancer observation schema and Logistic Regression which is 

used for prediction. The application proposed to be 

implemented in Spark (Data Engine) for high memory 

efficiency and speed. The data source used in this project is 

made available from Wisconsin Breast Cancer Data (WBCD). 

These data are then stored in Hadoop Distributed File System 

(HDFS) and are retrieved with higher efficiency when 

compared to other file system. 

 

4.2 Techniques Used in Proposed System: 
 

The Project can be implemented using 

 

 Random Forest 

 Logistic Regression 
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By making use of these techniques the proposed system will 

work high efficiency in terms of fastness and accuracy, 

scalability, high availability and no data loss.4.3 Block 

Diagram 

 

4.3 Block Diagram  

 

 
Figure. 1.  Cancer Prediction 

 

4.4 ModulesDescription: 

 

Modules involved in proposed system are: 

 

1. Data Preprocessing 

 

2. Cancer Observation Schema 

 

3. Implementing Logistic Regression for Cancer 

Prediction 

 

1. Data Pre-processing 

 

Data preprocessing can be achieved by various sub processes 

such as data cleaning, data integration data transformation, 

data reduction, data discretization.  

 

The data set comprises of the following attributes such as 

Clump Thickness, Uniformity of Cell Size, Uniformity of Cell 

Shape, Marginal Adhesion, Single Epithelial Cell Size, Bare 

Nuclei, Bland Chromatin, Normal Nucleoli, and Mitoses. .Data 

in the real world is dirty; it can be cleaned by removing the 

incorrect and nosy data which is then integrated from 

multiple sources, known as meta data that removes duplicates 

and redundant data. In data transformation smoothening, 

aggregation (summarization and data cube construction), 

generalization (concept hierarchy climbing) and normalization, 

all set to happen. Using data compression strategy data is 

reduced and discretized which then yields us the preprocessed 

data for prediction of cancer in the next module.  

 

2. Cancer Observation Schema 

 

In this module we load the data from the csv file into an RDD 

of Strings. Then we use the map transformation on the rdd, 

which will apply the ParseRDD function to transform each 

String element in the RDD into an Array of Double. Then we 

use another map transformation, which will apply the 

ParseObs function to transform each Array of Double in the 

RDD into an Array of Cancer Observation objects. The toDF() 

method transforms the RDD of Array Cancer Observation into 

a Data frame with the Cancer Observation class schema. 

 

3. Implementing Logistic Regression for Cancer Prediction 

 

Logistic regression is a popular method to predict a binary 

response. It is a special case of Generalized Linear models that 

predicts the probability of the outcome. For more background 

and more details about the implementation, refer t o the 

documentation of the logistic regression in spark. millib. The 

current implementation of logistic regression in spark.ml only 

supports binary classes. Support for multiclass regression will 

be added in the future.  

 

When fitting Logistic Regression Model without intercept on 

dataset with constant nonzero column, Spark MLlip outputs 

zero coefficients for constant nonzero columns. This behavior 

is the same as R glmnet but different from LIBSVM.  A 

common metric used for logistic regression in area under the 

ROC curve (AUC). We can use the Binary Classification 

Evaluator to obtain the AUC. A Precision-Recall curve plots 

(precision, recall) points for different threshold values, while a 

receiver operating characteristic, or ROC, curve plots (recall, 

false positive rate) points. The closer the area Under ROC is to 

1, the better the model is making predictions. 

 

 4.5 Advantages 

 

 In this the data had been visualized by the exact 

attributes. 

 

 The prediction stages are predicted accurately and 

proper treatment can be taken. 

 

 The time taken for visualization  is reduces and 

grouped by the four factors 

 

 True positive 

 

 True negative 

 

 False positive  

 

 False negative 

 

 The cancer has been predicted by the logistic 

regression.  
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Screen short 

Data Preprocessing: 

 

 
In this we are prepressing the data set for the implementation 

process then only we can have the clear output  

 

5. RESULT: 

 

 
This show the output of the dataset in the correct format and 

the dataset is clearly figure out the process done in the data set 

 

6. CONCLUSION 

 

From the result of the analysis above, we can indicate that the 

combination method of RF and LR is suitable for disease 

survivability prediction. The method has not only good 

classification accuracy but will result in relatively simple and 

interpretable model. As for future work, it is planned to apply 

the combination method of RF and LR in other disease 

survivability research. Thus Data Preprocessing has been 

achieved in this Hadoop environment which will further could 

have stake the upcoming successive modules for cancer 

observation schema using Random Forest and Cancer 

Prediction using Logistic Regression in predicting the current 

status of the patients who have undergone the relevant clinical 

tests. 
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