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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 (Carcinoma, 

Sarcoma, leukaemia, Lymphoma, Germ cell tumour and 

Blastoma) have become a necessity in cancer research 

institutes and hospitals, as it can facilitate the subsequent 

clinical management of patients. In this work it has been 

proposed to use a Decision Tree, Random Forest and XG Boost 

(Boosting ) to predict the cancer occurrence and Logistic 

Regression algorithms, K-neighbour’s Classifier, Naïve Bayes 

for validating the model results. Different Variable 

Prioritization Techniques is also used to perform a preliminary 

screening of variables and to receive important ranks. Then, 

the new data set is extracted from initial dataset according to 

top-k important predictors and is input into the ensemble 

machine learning algorithms. The model will be validated 

against the different datasets using k fold validation methods 

requires a base offer said a mid-split. Validation technique 

which results in the model effectively working for all the 

scenarios. 

 

Keywords—Machine learning, classifier, K-Fold cross 

validation, Decision Tree, Random Forest and Boosting (XG 

Boost). 

I. INTRODUCTION 

A. Machine Learning 

  Machine learning is a domain that provides systems the 

ability to automatically learn and improve from experience 

without being explicitly programmed. Machine learning 

focuses on the development of computer programs (i.e. 

algorithms) that can access data and learn from it to predict 

the future occurrence. The primary aim is to allow the 

computers learn automatically without human intervention or 

assistance and adjust actions accordingly. Machine learning 

algorithms are often classified as supervised or unsupervised. 

Supervised machine learning algorithms can apply what has 

been learned in the historical data to new data using labeled 

examples to predict future occurrences. Starting from the 

analysis of a known training dataset, the learning algorithm 

produces an inferred function to make predictions about the 

output values. The system is able to provide targets for any 

new input after sufficient training.  

The learning algorithm can also compare its output with 

the correct, intended output and find errors in order to 

modify the model accordingly. In contrast, unsupervised 

machine learning algorithms are used when the information 

used to train is neither classified nor labeled. Unsupervised 

learning studies how systems can infer a function to describe 

a hidden structure from unlabelled data. The system doesn’t  

 

 

 

figure out the right output, but it explores the data and can 

draw inferences from datasets to describe hidden structures 

from unlabelled data. Semi-supervised machine learning 

algorithms fall somewhere in between supervised and 

unsupervised learning, since they use both labeled and 

unlabelled data for training – typically a small amount of 

labeled data and a large amount of unlabelled data. The 

systems that use the semi-supervised method are able to 

considerably improve learning accuracy. Usually, semi-

supervised learning is chosen when the acquired labeled data 

requires skilled and relevant resources in order to train it / 

learn from it. Otherwise, acquiring unlabelled data generally 

doesn’t require additional resources.  

Reinforcement machine learning algorithms is a learning 

method that interacts with its environment by producing 

actions and discovers errors or rewards. Trial and error 

search and delayed reward are the most relevant 

characteristics of reinforcement learning. The reinforcement 

method allows machines and software agents to 

automatically determine the ideal behavior within a specific 

context in order to maximize its performance. Simple reward 

feedback is required for the agent to learn which action is 

best which is known as the reinforcement signal. 

Machine learning enables analysis of massive quantities 

of data. While it generally delivers faster, more accurate 

results in order to identify profitable opportunities or 

dangerous risks, it may also require additional time and 

resources to train it properly. Combining machine learning 

with AI and cognitive technologies can make it even more 

effective in processing large volumes of information.  

Machine learning algorithms helps to track real time 

behaviors that can be used as inputs for companies to gain 

better results and reduce operation cost. With the help of 

machine learning algorithms, uncertainty can be predicted 

with certain confidence up front which leads to reduction of 

chaos. 

II. LITERATURE SURVEY 

A. Related Work 

Kittler, et al., has shown in [1], dermoscopy has improved 

the diagnostic accuracy of melanoma by 10- 27% over 

simple naked eye examinations. Nevertheless, the accuracy 

of analyzing dermoscopy images still depends on the 

experience of a physician. A dermatologist not trained in 

reading dermoscopy images can be less accurate than naked 

eye analysis [2]. Once the time required to obtain 

dermoscopy images is considered, it is clear that automated 
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recognition systems are more efficient. Simple neural 

networks that achieve a modest level of accuracy are not 

difficult to create; however, a system that can achieve an 

accuracy viable for clinical use is quite challenging and 

depends on several features such as: variations between size 

and shape, contrast between where lesions begin and end, 

and artifacts such as hair color and veins. In addition, BCC 

itself is classified into 2 major subtypes: nodular and 

superficial, each with their own defining characteristics [3]. 

There is little research on BCC and neural networks, and the 

works provided have been insufficient thus far. In 2011, 

Cheng, et al., published two papers related to BCC. The first 

paper diagnoses BCC via telangiectasia analysis. 96.7% 

accuracy was claimed, however, in actual clinical practice, 

true accuracy will be significantly less due to lack of 

telangiectasia’s in early lesions, and telangiectasia’s with 

similar features being in benign skin lesions [4]. The second 

published paper used a novel technique of combining 

feature extraction from lesions with features of the patient’s 

personal profile and physical exam characteristics of lesions 

[5]. There was, however, no accuracy, specificity, or 

sensitivity values provided. novel method for analyzing 

BCC dermoscopy images. By using deep ResNets our 

experimental results show that, on paper, the model could be 

used in practice as a screening tool. To the best of our 

knowledge this is the first time such a method has been 

applied to the identification of BCC. We built our model 

into two stages: segmentation and classification. Our 

segmentation model uses an FCRN capable of identifying a 

lesion in an image and eliminating extraneous information. 

Our classification model then takes this segment and 

analyzes it using a deep residual network 152 layers deep. 

This model works seamlessly from a single input image to a 

final output without any requirement of manual work. To 

improve upon this model in the future, researchers can 

employ more data to switch from binary classification to a 

categorical model, retrain the model on optical images, and 

possibly employ the use of transfer learning, drawing upon 

models pre-trained on Different textures [6].Though, 

dermoscopy is the most effective technique for detecting 

melanoma, the reliability of the detection also depends on 

the operating skill of the dermatologists. As the detection 

depends on human vision and previous experience, making 

it automatic is an encouraged research topic to pursue. One 

work shows that, a bag-of-features classification method can 

be used on dermoscopic images for automatically detect 

melanoma [7]. Two methods were presented as global and 

local for the classification. The global method was 

performed by automatic segmentation, followed by an 

extraction of color and texture features for training the 

classifier. The local method was inclined towards image 

analysis and recognition. Recently, to make this detection 

process more approachable for the general population, 

digital images are being used. One work with digital image 

used a combination of Otsu and k-means clustering 

segmentation methods for detecting the affected area, and 

extracting several linear and non-linear features from the 

lesion portion [8]. we propose a method which can 

automatically detect the presence of melanoma 

characteristics in a mole from dermoscopic image and 

provides a real-time prediction percentage about possible 

condition of that mole, using a real-time object detection 

technique (YOLOv2) [9]. For facilitating the computer-

aided diagnosis related work on melanoma many datasets 

can be found online. In this work, PH2 dataset is used, 

which is a dermoscopic image database [10]. Every image 

from that dataset was annotated according to the clinical 

classification of the mole. For making the system robust, the 

data was augmented by operating rotation and blurring 

methods. Dilation and erosion were also applied for 

augmentation but rejected because of the poor performance 

of the system. The system was trained using a state-of-the 

art object detection system YOLOv2. The trained system 

was tested using a five-fold cross validation technique and 

the results provided an accuracy of 86% while showing 

invariance to detection of any bodily hair. The proposed 

system was run on a computer utilizing a TITAN-X GPU. 

Future work could include the development of a mobile 

application where the user can take images of a suspicious 

mole, and the mobile application may remotely run online 

and present the predicted result in real time [11]. Displayed 

a CAD algorithm utilizing thresholding,morphological 

handling and Fisher Linear Discriminant to fragment, 

recognize patients nodules and take out of false positives. 

The framework got an accuracy of 82.66% with 3 FP per 

case being validated with 143 knobs. Gomathi and 

Thangaraj [12] utilized image processing algorithm, Fuzzy 

CMean calculation and neural classifier in the phases of 

preprocessing, fragmentation identify patients nodules and 

respectively. This algorithm had an accuracy of 76.9%. 

Kumar et al. [13] proposed a CAD algorithm that utilized 

Biorthogonal Wavelet Transform, region growing and fuzzy 

based framework in preprocessing, fragmentation and 

identification of nodules. The algorithm can identify 

whether the input image contains tumor cell or not and 

ready to anticipate if there is any likelihood of being growth. 

The proposed algorithm gives a precision of 97% for cancer 

identification and 87% for cancer prediction. The proposed 

system would be viable in helping the doctor in recognizing 

the lung as harmful or non-carcinogenic. The precision of 

the system can be extemporized via preparing it on a huge 

image set and arrangement in light of hereditary calculation 

of genetic algorithm and deep. 

neural network[14]. Established on the outcome, the partial 

contrast stretching method is regarded as the best technique 

among all contrast stretching techniques that helps to 

improve quality of image [15]. Generally, leukemia is 

divided into four types such as Acute Lymphocytic 

Leukemia (ALL), Acute Myeloid Leukemia (AML), 

Chronic Lymphocytic Leukemia (CLL) and Chronic 
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Myeloid Leukemia (CML) [16]. tested experiment on 200 

samples of Leukemia microscopic smear images. In this 

research paper we are highlighted the results of 10 test 

images. For the pre-processing of the database binarization, 

histogram and edge detection techniques are used. The pre-

processed images are segmented using the Otsu image 

segmentation. The image matching is done using the 

Maximally Stable Extremely Regions (MSER). Using 

MSER we are extracted the grid and global features of each 

image. The same set of normal and different set such as 

Leukaemia with normal are matched with the match features 

points. The performance of the system is calculated by using 

the FAR and FRR. The proposed system reported accuracy 

of 95.12% where FAR is 5.0% and FRR is 4.75% [17]. the 

convergence time significantly increases and it gets harder 

to optimize the network. In case of convolutional neural 

network, we have found the best result with three hundred 

feature maps. The same result might be obtained with 

different configuration of the network. Our results of CNN 

classifier (98.06% accuracy) show comparatively better 

performance in comparison the work of Karabatak and 

Cevdet-Ince where the accuracy was 97.4% using 

Association Rules(AR) and Neural Network(NN). Such 

comparative analysis on breast cancer classification would 

provide further encouragement and insights on the efficient 

approaches for detection of cancer problems [18]. 

Combining pre-trained CNN (VGG-16) with a one- FC NN-

classifier can achieve average accuracy about 0.905 for 

classifying abnormal vs. normal cases in the DDSM 

database. In this study, the classification accuracy of the 

fine-tuning model is just 0.008 higher than that of the 

feature-extraction model but the time cost of the feature-

extraction model is only about 5% of that of fine-tuning 

model. Therefore, this study shows that applying transfer 

learning in CNN can detect breast cancer from 

mammogram, and training a NN-classifier by feature 

extraction is a faster method in transfer learning [19]. 

Univariate Feature Selection algorithm used chi2 method for 

selection Best 16 Features from UCI dataset. After collect 

final 16 features from univariate Feature Selection algorithm 

we implement logistic and neural network algorithm on 

these 16 features and final applied voting algorithm on 

result and achieved 98.50% accuracy. Wisconsin Breast 

Cancer Dataset have contain 699 rows with features 

categories 30 features. After applied Univariate Feature 

Selection method top 16 features are decided from final 

model implementation. Because large features are effect on 

cost of model implementation. Achieved accuracy is good 

from individual achieved accuracy from both machine 

learning algorithm [20]. Wisconsin Breast Cancer datasets, 

we used our two main algorithms, which are: NB & KNN, 

since our target and challenge from breast cancer 

classification is to build classifiers that are precise and 

reliable. After an accurate comparison between our 

algorithms, we noticed that KNN achieved a higher 

efficiency of 97.51%, however, even NB has a good 

accuracy at 96.19 %, if the dataset is larger, the KNN’s time 

for running will increase [21]. the breast cancer based on the 

fact that whether their cancer will be relapsed or not. To do 

this, different kinds of classifiers are applied to different 

structures. The simulation results expressed rough neural 

network with two outputs in the hidden layer led to the 

highest accuracy. Also, generally, rough neural network 

resulted in the lowest variance compared to other methods. 

This returns to the structure of rough neural network which 

considers interval weight matrixes[22]. 

 

 

B. Machine Learning Algorithms used 

      This subsection deals with the concept of the algorithms 

used in our approach. 

1. Logistic Regression  

       

       Logistic regression is an approach to prediction, like 

Ordinary Least Squares (OLS) regression [8]. Typical 

application areas are cases where one wishes to predict the 

likelihood of an entity belonging to one group or another, 

such as in response to a marketing effort (likelihood of 

purchase/non-purchase), creditworthiness (high/low risk of 

default), insurance (high/low risk of accident claim), 

medicine (high/low risk of some ailment like heart attack), 

sports (likelihood of victory/loss). Unlike Multiple Linear 

Regression, Logistic Regression fits an S-shaped curve to the 

data.  In logistic regression, a complex equation will be 

optimized by converting back and forth from the logistic 

equation to the OLS-type equation. The logistic formulas are 

stated in terms of the probability that Y = 1, which is referred 

to as P. The probability that Y is 0 is 1 - P. The equation is 

given below. 

ln
1

P
a bX

P

 
  

   
P can be computed from the regression equation also. The 

regression equation will calculate the expected probability 

that Y = 1 for a given value of X by the equation given 

below.. 

 

 

exp

1 exp 1

a bx

a bx

a bX e
P

a bx e






 

  
 

For the accurate model fitting we have deviated such a way 

that instead of R
2
 as the statistic for overall fit of the model, 

chi-square is used., Chi-square is a measure of "goodness of 

fit" of the observed and the expected values. Chi-square is 

used as a measure of model fit here in a similar way .It is the 

fit of the observed values (Y) to the expected values (Y’).The 

bigger the difference (or "deviance") of the observed values 

from the expected values, the poorer the fit of the model. The  

Optimization criteria are having chi-square as small as 

possible. The addition of more variables to the equation the 

deviance should get smaller, indicating an improvement in 

fit. Maximum Likelihood is a way of finding the smallest 

possible deviance between the observed and predicted values 

(kind of like finding the best fitting line) using calculus 
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(derivatives specifically). With ML, the computer uses 

different "iterations" in which it tries different solutions until 

it gets the smallest possible deviance or best fit. Once it has 

found the best solution, it provides a final value for the 

deviance, which is usually referred to as "negative two log 

likelihood" (shown as "-2 Log Likelihood" in SPSS[9]).The 

deviance statistic is called –2LL by Pedazur and D by some 

other authors (e.g., Hosmer and Lemeshow, 1989), and it can 

be thought of as a chi-square value.  

 

2. Decision tree & random forest 

 

Decision tree is a type of supervised learning 

algorithm (having a pre-defined target variable) that is 

mostly used in classification problems. It works for both 

categorical and continuous input and output variables. In the 

technique, the population is divided into two or more 

homogeneous sets (or sub-populations) based on most 

significant splitter / differentiator in input variables. Random 

Forest is a ensemble classifier for classification, regression 

and works by constructing multitude of decision trees on 

various sub-samples of the dataset and uses averaging to 

improve the predictive accuracy and control over-fitting. It 

outputs the class that is the mode of the classes 

(classification) or mean prediction (regression) of the 

individual trees. 

 

3. Naïve Bayes  

 

 Bayesian Decision Theory came long before Version 

Spaces, Decision Tree Learning and Neural Networks. It 

was studied in the field of Statistical Theory and more 

specifically, in the field of Pattern Recognition  

 Bayesian Decision Theory is at the basis of important 

learning schemes such as the Naïve Bayes Classifier, 

Learning Bayesian Belief Networks and the EM 

Algorithm. 

It is a classification technique based on Bayes’ 

Theorem with an assumption of independence among 

predictors. In simple terms, a Naive Bayes classifier assumes 

that the presence of a particular feature in a class is unrelated 

to the presence of any other feature. Naive Bayes model is 

easy to build and particularly useful for very large data sets. 

Along with simplicity, Naive Bayes is known to outperform 

even highly sophisticated classification methods. Bayes 

theorem provides a way of calculating posterior probability 

P(c|x) from P(c), P(x) and P(x|c) using the equation given 

below. 

)(

)()|(
)|(

xP

cPcxP
xcP   

 P(c|x) is the posterior probability of class (c, target) 

given predictor (x, attributes). 

 P(c) is the prior probability of class. 

 P(x|c) is the likelihood which is the probability 

of predictor given class. 

 P(x) is the prior probability of predictor. 

 

 

 

 

4. k-Nearest-Neighbours (kNN) 

 

The k-Nearest-Neighbours (kNN) is a non-parametric 

classification method, which is simple but effective in many 

cases [1]. For a data record t to be classified, its k nearest 

neighbours are retrieved, and this forms a neighbourhood of 

t. Majority voting among the data records in the 

neighbourhood is usually used to decide the classification 

for t with or without consideration of distance-based 

weighting. However, to apply kNN we need to choose an 

appropriate value for k, and the success of classification is 

very much dependent on this value. In a sense, the kNN 

method is biased by k. There are many ways of choosing the 

k value, but a simple one is to run the algorithm many times 

with different k values and choose the one with the best 

performance. In order for kNN to be less dependent on the 

choice of k, Wang [2] proposed to look at multiple sets of 

nearest neighbours rather than just one set of k-nearest 

neighbours. The proposed formalism is based on contextual 

probability, and the idea is to aggregate the support of 

multiple sets of nearest neighbours for various classes to 

give a more reliable support value, which better reveals the 

true class of t. However, in its basic form the method is 

relatively slow, which needs O(n 2 ) to classify a new 

instance, though it is indeed less dependent on k and is able 

to achieve classification performance close to that for the 

best k. 

 

5. XGBoost (Boosting) 

XGBoost is an ensemble learning method. Sometimes, it 

may not be sufficient to rely upon the results of just one 

machine learning model. Ensemble learning offers a 

systematic solution to combine the predictive power of 

multiple learners. The resultant is a single model which 

gives the aggregated output from several models. 

The models that form the ensemble, also known as base 

learners, could be either from the same learning algorithm or 

different learning algorithms. Bagging and boosting are two 

widely used ensemble learners. Though these two 

techniques can be used with several statistical models, the 

most predominant usage has been with decision trees. 

Boosting 

In boosting, the trees are built sequentially such that each 

subsequent tree aims to reduce the errors of the previous 

tree. Each tree learns from its predecessors and updates the 

residual errors. Hence, the tree that grows next in the 

sequence will learn from an updated version of the residuals. 

The base learners in boosting are weak learners in which the 

bias is high, and the predictive power is just a tad better than 

random guessing. Each of these weak learners contributes 

some vital information for prediction, enabling the boosting 

technique to produce a strong learner by effectively 

combining these weak learners. The final strong learner 

brings down both the bias and the variance. 
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In contrast to bagging techniques like Random Forest, in 

which trees are grown to their maximum extent, boosting 

makes use of trees with fewer splits. Such small trees, which 

are not very deep, are highly interpretable. Parameters like 

the number of trees or iterations, the rate at which the 

gradient boosting learns, and the depth of the tree, could be 

optimally selected through validation techniques like k-fold 

cross validation. Having a large number of trees might lead 

to over fitting. So, it is necessary to carefully choose the 

stopping criteria for boosting. 

Boosting consists of three simple steps: 

 An initial model F0 is defined to predict the target 

variable y. This model will be associated with a 

residual (y – F0) 

 A new model h1 is fit to the residuals from the 

previous step 

 Now, F0 and h1 are combined to give F1, the 

boosted version of F0. The mean squared error 

from F1 will be lower than that from F0: 

 

To improve the performance of F1, we could model after the 

residuals of F1 and create a new model F2: 

 

This can be done for ‘m’ iterations, until residuals have been 

minimized as much as possible: 

 

Here, the additive learners do not disturb the functions 

created in the previous steps. Instead, they impart 

information of their own to bring down the errors. 

 

 

 

 

 

 

 

 
Fig 2: System Design 
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III. SYSTEM DESIGN AND METHODOLOGY 

  Solving the problem starts with identifying the right 

factors required for prediction. The prioritized factors are 

considered for creating analytical data set. Base line models 

and benchmarking models are implemented on top of 

analytical dataset. All algorithms are validated through k 

fold validation methodology to find the right accuracy. Any 

supervised machine learning algorithms will require a 

systematic flow of the below steps. These are generalized 

frameworks which can help in defining the problem better 

and executing the all the phases listed out below in 

structured manner. The design of our system is given in the 

Fig 2. 

 

1. Problem Solving: Defining the problem better. 

2. Data pre-processing: Creating the base dataset 

required for the analysis. 

3. Baseline Model: Creating the baseline model for 

predicting the bug occurrence.  

4. Benchmarking Model: validating the created model 

with benchmarking models  

5. Model Validation: Validate the model performance on 

confusion matrix, ROC-AUC Curve. 

6. K Fold Validation: Test the model performance across 

the different datasets. 
  

A. Problem solving framework 

One of the important phases of the any machine 

learning problem is defining the problem better. The key 

factors required for the analysis are identified in the process. 

It will help in listing down the factors without bias. The 

factor map and Hypothesis are generated.  Identify and 

prioritize the important factors based on actions and 

feasibility matrix.   

 

B. Data pre-processing (exploratory data analysis) 

Majority of the time the data collected for running 

machine learning algorithms is not available readymade. 

Hence, the data requires pre-processing which will help to 

get the right predictions. The data can be treated as one of 

the most important steps of machine learning algorithm 

predictions. Data Collection, Data Merging, Null Value 

Treatment, Outlier Treatment, Garbage Value Removal   

and creating the analytical ready data set are the important 

steps. In our works, the above preprocessing steps are 

incorporated to create the analytical data set. 

 

C. Baseline model  

          Logistic regression , k-Nearest-Neighbours (kNN) and 

Naïve Bayes is one of the base models used in our work.. As 

the prediction is a binary response variable, the behavior can 

be predicted by multiple algorithms. Logistic regression , k-

Nearest-Neighbours (kNN) and Naïve Bayes  is considered 

as base model and other algorithms will be considered as 

benchmarking models. Data set is divided in to train and test 

set. Validating the performance of the models is done by  

identify the Accuracy score, Confusion Matrix, ROC- AUC 

curve designing, Probability curve, Improving model 

performance and Defect Detection models. 

 

 

 

D. Bench Marking Model:  

 

      Bagging is a technique used to reduce the variance of 

our predictions by combining the result of 

multiple classifiers modeled on different sub-samples of the 

same data set. The steps followed in bagging are: 

1. Create Multiple Datasets: 

 Sampling is done with replacement on the original data 

and new datasets are formed. 

 The new data sets can have a fraction of the columns as 

well as rows, which are generally hyper-parameters in a 

bagging model. 

 Taking row and column fractions less than 1 helps in 

making robust models, less prone to overfitting. 

2. Build Multiple Classifiers: 

 Classifiers are built on each data set. 

 Generally, the same classifier is modeled on each data 

set and predictions are made. 

3. Combine Classifiers: 

 The predictions of all the classifiers are combined using 

a mean, median or mode value depending on the 

problem at hand. 

 The combined values are generally more robust than a 

single model. 

    Note that, here the number of models built is not a hyper-

parameter. Higher number of models are always better or 

may give similar performance than lower numbers. It can be 

theoretically shown that the variance of the combined 

predictions is reduced to 1/n (n: number of classifiers) of the 

original variance, under some assumptions. 

 

E. Model validation 

Confusion Matrix 

In the field of machine learning and specifically the problem 

of statistical classification, a confusion matrix, also known 

as an error matrix, is a specific table layout that allows 

visualization of the performance of an algorithm, typically a 

supervised learning one (in unsupervised learning it is 

usually called a matching matrix). Each row of the matrix 

represents the instances in a predicted class while each 

column represents the instances in an actual class (or vice 

versa).The name stems from the fact that it makes it easy to 

see if the system is confusing two classes (i.e. commonly 

mislabeling one as another). 

It is a special kind of contingency table, with two 

dimensions ("actual" and "predicted"), and identical sets of 

"classes" in both dimensions (each combination of 

dimension and class is a variable in the contingency table). 

In predictive analytics, a table of confusion (sometimes also 

called a confusion matrix), is a table with two rows and two 

columns that reports the number of false positives, false 

negatives, true positives, and true negatives. It allows more 

detailed analysis than mere proportion of correct 

classifications (accuracy). Accuracy is not a reliable metric 

for the real performance of a classifier, because it will yield 

misleading results if the data set is unbalanced (that is, when 

the numbers of observations in different classes vary 

greatly). 
ROC – AUC Curve 
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      A receiver operating characteristic curve, i.e., ROC 

curve, is a graphical plot that illustrates the diagnostic 

ability of a binary classifier system as its discrimination 

threshold is varied. The ROC curve is created by plotting 

the true positive rate (TPR) against the false positive rate 

(FPR) at various threshold settings. The true-positive rate is 

also known as sensitivity, recall or probability of detection 

[1] in machine learning. The false-positive rate is also 

known as the fall-out or probability of false alarm [1] and 

can be calculated as (1 − specificity). It can also be thought 

of as a plot of the Power as a function of the Type I Error of 

the decision rule (when the performance is calculated from 

just a sample of the population, it can be thought of as 

estimators of these quantities). The ROC curve is thus the 

sensitivity as a function of fall-out. In general, if the 

probability distributions for both detection and false alarm 

are known.  The ROC curve can be generated by plotting the 

cumulative distribution function of the detection probability 

in the y-axis versus the cumulative distribution function of 

the false-alarm probability on the x-axis. ROC analysis 

provides tools to select possibly optimal models and to 

discard suboptimal ones independently from (and prior to 

specifying) the cost context or the class distribution. ROC 

analysis is related in a direct and natural way to cost/benefit 

analysis of diagnostic decision making. 

 

 F. Cross validation 

       Cross Validation is a very useful technique for 

assessing the performance of machine learning models. It 

helps in knowing how the machine learning model would 

generalize to an independent data set. Cross Validation 

technique is used to estimate how accurate the predictions 

will be given by the model in practice.  When a machine 

learning problem is given, two type of data sets are given— 

known data (training data set) and unknown data (test data 

set). By using cross validation, machine learning model is 

tested in the ―training‖ phase to check for overfitting and to 

get an idea about how the machine learning model will 

generalize to independent data, which is the test data set 

given in the problem. 

IV. EXPERIMENTS AND  DISCUSSION 

 

A. Data Sets 

      In this study, we selected 15 Java & Python projects 

from GitHub to construct a public bug database from. We 

matched the already known and fixed bugs with the 

corresponding source code elements (classes and files) and 

calculated a wide set of product metrics on these elements. 

There are various kinds of  software metrics are identified  

such as  Dimensional Metrics, Complexity Metrics,  Object-

Oriented Metrics and Android-oriented Metrics.       

Dimensional metrics provides a quantitative measure of the 

software sizes in terms of code size and modularity.  In this 

category,  Number of Byte- code Instructions (NBI), 

Number of Classes (NOC), Number of Methods (NOM), 

and Instructions per Method (IPM) are the metrics used for 

our analysis. Complexity metrics estimate the complexity of 

applications. Since the program comprehension is closely 

related to program complexity, these indicators help in 

understanding how expensive is the comprehension of a 

product when testing activities have to be done. A more 

complex program has more possible paths of execution, so it 

is difficult to test fully and understand and maintain.        

The mobile apps are implemented with Java, C++, and  C# 

The quality of the applications by the metrics suite by 

Chidamber and Kemerer [10]. This suite measures the 

code’s complexity, cohesion and coupling. Cyclomatic 

complexity(CC), Weighted Methods per Class (WMC) in 

this analysis. Number of Children (NOCH), Depth of 

Inheritance Tree (DIT), Lack of Cohesion in Methods 

(LCOM), Coupling Between Objects (CBO), Percent Public 

Instance Variables (PPIV), Access to Public Data (APD) are 

list of metrics considered in Object-Oriented Metrics. 

Various Android errors like Bad Smell Method Calls 

(BSMC), WakeLocks with no timeout (WKL), Number of 

Location Listeners (LOCL), Number of GPS Uses (GPS), 

XML Parsers (XML), Network Timeouts (NTO). After 

creating the desired bug database, we investigated whether 

the built database is used for bug prediction. We used four  

machine learning algorithms and obtained very high and 

promising bug coverage values (up to 100%).  

B.  Data Pre-processing  

          Importing all the base packages like Pandas, Seaborn 

and Matplotlib and modules required for the analysis. 

Filtering of the files with right number of columns (113 

columns) and appending all the datasets and creating final 

base dataset has been carried out. The data set created has 

the shape of 182962 rows and 113 columns. Continuous and 

categorical variables are defined. Followed by this Null 

value treatment, Outliers treatment, and Garbage value 

treatment have been done to create analytical dataset. The 

imbalanced data set is converted to balanced data set. 

Univariate and Bivariate data analysis have been done to 

find out what variables  change influence the training of the 

model. 

 

C. Data Modeling and Comparison 

    In our work,  data model was built using Logistic 

regression, Decision Tree, Naïve Bayes  and Random forest 

ensemble classifier. We have created base line model with  
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Fig 3.  10-Fold Validation for Decision Tree Classifier, Random Forest Classifier, Naive Bayes, and   K-Neighbors Classifier 
 

80% training data set and 20% testing data set. The results 

of bug prediction using four learning methods are presented 

in Table I. Each cell in Tables stands for classification 

accuracy (percentage) on test data set for corresponding 

classification technique and Model.  

Following observations can be made from Table I: 

 The Base line model and one bench mark model 

produces the same accuracy. 

 Random Forest produces the high accuracy rate.   

 Overall feedback is all the classifiers are producing 

promising results for the data set obtained. 

 

D. Cross validation 

      K-Fold Cross Validation: K-Fold Cross Validation is a 

common type of cross validation that is widely used in 

machine learning. The general procedure is as follows: 

 Shuffle the dataset randomly and Split the dataset into k 

groups 

 For each unique group: 

o Take the group as a hold out or test data set 

o Take the remaining groups as a training data 

set 

o Fit a model on the training set and evaluate it 

on the test set 

o Retain the evaluation score and discard the 

model 

o Summarize the skill of the model using the 

sample of model evaluation scores 

We applied 10-Fold cross validation on the algorithms such 

as Random Forest, Naive Bayes and  Logistic Regression 

and  the results obtained are consolidated in the Table II and 

the corresponding graphs (x axis: folds, ; y axis: Accuracy) 

are shown in Fig 3. The   Following observations can be 

made from Table II. 

 There is a proper consistency in getting accuracy of all 

the algorithms. 

 Random forest produces the highest accuracy  

 Our prediction model produces Less Variance and 

Biasness.  

 Better choice of variables through feature engineering 

and prioritization matrix has been obtained. 

 

V. CONCLUSION  

This paper focuses the ensemble classifiers are used, the 

models becomes a better choice for predictions. Which it 

will measure the patient as cancer or not. An analysis of 

machine learning will be applied such that a prediction of 

types of cancer can be made based on the data collected 

from people. A comparison can be made from the previous 

method to ensure that The proposed system will help the 

following benefits compared to the existing models provide 

Less Variance and Biasness, Better choice of variables 

through feature engineering, prioritization matrix , High 

Accuracy. 
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