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Abstract: Nowadays, Cloud Computing (CC) environment, defined as one of the technique of splitting workloads, computing 

properties etc. Henceforth, it enables the enterprises to manage workload demands or application demands by distributing the 

resources, those who are capable of schedule task to computers, networks or servers. In this paper, three supervised machine learning 

classification techniques are compared to project cancer incidence and mortality rates. Classification methods covered in this work 

are Random Forest algorithm and Decision Tree Algorithm. These classification methods have been tested on the datasets provided 

by Statistics Canada. This paper evaluates the performance of above classification techniques that examine the accuracy of each 

method via the utilization of prediction accuracy measures including Mean Absolute Errors, Root Mean Squared Errors, Relative 

Absolute Error, Precision, ROC area, TP and FP Rate. 

I. INTRODUCTION 

Cloud-computing, rescue of computing and storage capacity as a support to a group of people or end-users. Term is derived 

from exploits of cloud-shaped figure as concept for different communications that each node holds in structural figures. Cloud-

computing guarantees service support with user's data, computation over wide range network & software. Mainly, there are 3 main 

types of cloud-computing, namely Infrastructure-as-a-Service (I-a-a-S), Platform-as-a-Service (P-a-a-S), and Software-as-a-Service 

(S-a-a-S).  

 

Through Software-as-a-Service, clients also hire application software’s & databases for rent. Cloud-service providers handle 

infrastructure and platforms, on which application is executed. Proponents exploit cloud-based applications by means a web browser 

or a light-weight desktop or mobile application, whereas sensitive data storage software and users data are loaded on to cloud-

servers at an isolated place. End-users maintain that cloud-computing permits organization get their applications up & management 

faster, with enhanced manageability & less preservation. Moreover, cloud system allows IT quicken fine-tune resources so as 

convene un-predictable & changeable enterprise demand. 

 

Meta-learning in machine learning refers to learning algorithms that learn from other learning algorithms. Most commonly, 

this means the use of machine learning algorithms that learn how to best combine the predictions from other machine learning 

algorithms in the field of ensemble learning. Nevertheless, meta-learning might also refer to the manual process of model selecting 

and algorithm tuning performed by a practitioner on a machine learning project that modern automl algorithms seek to automate. It 

also refers to learning across multiple related predictive modeling tasks, called multi-task learning, where meta-learning algorithms 

learn how to learn. 

 

Cancer is, and will continue to be a gradually important cause of incidence and mortality in the next few ages in all regions of 

the world. Monitoring cancer incidences and mortality time trends is hereafter essential for cancer research and healthcare planning. 

The usage of Machine Learning (ML) algorithms to predict cancer incidence and mortality has been followed by numerous earlier 

studies as an improvement over statistical tools for prediction of future trends. 

 

In this paper, we are comparing the efficiency of the classification methods namely, Random Forest and Decision Tree. We are using 

I O-fold cross validation technique to calculate the accuracy of the classifiers. Cross-validation simulates the process of separately 

developing a model on one set of data and projecting for a test set of data not used in developing the model. With proper cross-

validation, the model must be developed (i.e., feature selection) from scratch for each leave one-out training set. The datasets from 

the Statistics Canada, Canadian Cancer Registry Database for the years 1981 to 2006 have been used to accomplish comparative 

analysis of the algorithms in order to find the optimal classification model. 
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II. RELATED WORK 

Machine learning (ML) is a type of artificial intelligence (AI) that allows software applications to become more accurate at 

predicting outcomes without being explicitly programmed to do so. Machine learning algorithms use historical data as input to 

predict new output values. Metalearning is the process of learning to learn. Informally speaking, a metalearning algorithm uses 

experience to change certain aspects of a learning algorithm, or the learning method itself, such that the modified learner is better 

than the original learner at learning from additional experience. 

  

 John O.Awoyemi, Adebayo O.Adetunmbi, Samuel A.Oluwadare, [1] investigates the performance of naïve bayes, k-

nearest neighbor and logistic regression on highly skewed credit card fraud data. Dataset of credit card transactions is sourced from 

European cardholders containing 284,807 transactions. A hybrid technique of under-sampling and oversampling is carried out on 

the skewed data. The three techniques are applied on the raw and preprocessed data. The work is implemented in Python. The 

performance of the techniques is evaluated based on accuracy, sensitivity, specificity, precision, Matthews correlation coefficient 

and balanced classification rate. The results shows of optimal accuracy for naïve bayes, k-nearest neighbor and logistic regression 

classifiers are 97.92%, 97.69% and 54.86% respectively. 

 

 Firdous Kausar, Sarah Aljumah, Shorouq Alzaydi, Raghad Alroba, [2] propose a traffic analysis attack to infer which web 

page the user visited on his smart phone, by only looking at the network traffic generated from the smart phone. We assume the 

traffic is encrypted and the adversary eavesdrops the packets exchanged between the user’s device and the application server. This 

paper is organized as follows: “RELATED WORK” section discusses the state-of-the-art work in the area of traffic analysis 

techniques and machine learning algorithms. The “A TIMING ATTACK” section shows background detail of a timing attack, and 

it discusses the network and attack model with attack scenario. The “PROPOSED ATTACK METHOD” section presents the details 

of the attack. The “PERFORMANCE EVALUATION” section discusses the analysis and results of the proposed attack, and the 

“CONCLUSION” section concludes with a summary and some proposed future work. 

 

Ujwal UJ, Dr Antony PJ and Sachin DN [3] Cricket prediction is comparatively difficult as there are many factors that can 

influence the result or outcome of the cricket match. Earlier basic prediction systems for cricket match consider only the venue and 

disregard the factors like weather, stadium size, captaincy etc. The factors like venue of the match, pitch, weather conditions first 

batting or fielding all play a vital role in predicting the winner of the match. Suitable models are necessary to predict and data 

mining makes it possible to extract required information from the data files. These papers presents the usage of Google Prediction 

API to analyze the data of previous cricket matches and predict outcome of a given cricket match. 

 

M.Stillwell, D.Schanzenbach, F.Vivien, and H. Casanova, [4] propose a formulation of the resource allocation problem in 

shared hosting platforms for static workloads with servers that provide multiple types of resources. Our formulation supports a mix 

of best-effort and QoS scenarios, and, via a precisely defined objective function, promotes performance, fairness, and cluster 

utilization. Further, this formulation makes it possible to compute a bound on the optimal resource allocation.  

 

Milan VukiTeviT, Sandro RadovanoviT, Miloš MilovanoviT, and Miroslav MinoviT, [5] propose an extension of cloud based 

systems with data and model driven services based on metalearning approach. Additionally, this system includes open source data 

mining environments as a platform service for users. System is based on open source technologies and this is very important since 

they enable collaborative collection of data and fast development of new algorithms. 

 

Table 1: Summary of related works. 

 

Reference Objective Algorithm 

1 Investigates the performance of naïve bayes, k-nearest neighbor and 

logistic regression on highly skewed credit card fraud data. 

Naïve Bayes algorithm 

 

  

2 We propose a traffic analysis attack to infer which web page the user 

visited on his smart phone, by only looking at the network traffic 

generated from the smart phone. 

K-Nearest Neighbor algorithm 

3 Cricket prediction is comparatively difficult as there are many factors that 

can influence the result or outcome of the cricket match. 

Random Forest algorithm 

4 Resource allocation problem in shared hosting platforms for static 

workloads with servers that provide multiple types of resources. 

Ant Colony Optimization (ACO) 

algorithm 

5 We propose an extension of cloud based systems with data and model 

driven services based on metalearning approach. Additionally, this 

system includes open source data mining environments as a platform 

service for users. 

Support Vector Machine (SVM) 

Algorithm 

 

There are recent works conducted in this research arena [3, 4, 5] in which the study [3] proposed Random Forest, a new 

approach to classify the dataset and predict the performance of machine learning algorithm. Table 1 summarizes the reviewed works 

in terms of its objective and underlying algorithms. Though there are several works available in the literature, some of the methods 

do not consider the accuracy and response time parameter of CC environment yet it needs to improve the performance in several 

aspects. 
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III. PROPOSED SYSTEM  

 

The dataset has been downloaded from online and uploaded to the online portal which is being hosted in the AWS Cloud server. 

Hence forth it is stored in the local directory and processed in the backend for pre-processing of data. The data type of each and 

every column in the uploaded file is read and if it is other than int or float it is converted into int using encoding technique. Then 

the processed date is feed to the algorithm such as Decision Tree Classifier Algorithm and Random Forest Classifier Algorithm for 

performing the classification. The accuracy of each algorithm is calculated and plotted to the graph. The obtained shows that 

Random Forest Classifier Algorithm performs much better than the Decision Tree Classifier Algorithm. 

 
 

 
 

Fig 1: Architecture Diagram 

 

 

Fig 2: Deployment Architecture 

 

A) Decision Tree Algorithm 

Classification is the operation of separating various entities into several classes. These classes can be defined by business rules, 

class boundaries, or some mathematical function. The classification operation may be based on a relationship between a known 

class assignment and characteristics of the entity to be classified. This type of classification is called supervised. If no known 

examples of a class are available, the classification is unsupervised. The most common unsupervised classification approach 

is clustering.  

 
Decision Tree is a supervised learning technique that can be used for both classification and Regression problems, but mostly 

it is preferred for solving Classification problems. It is a tree-structured classifier, where internal nodes represent the features of a 

dataset, branches represent the decision rules and each leaf node represents the outcome. In a Decision tree, there are two nodes, 

which are the Decision Node and Leaf Node. Decision nodes are used to make any decision and have multiple branches, whereas 

Leaf nodes are the output of those decisions and do not contain any further branches. 
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                                                                        Fig 3: Flowchart of Decision Tree Algorithm 

 

 
 

Fig 4: Decision Tree Algorithm 

 

Suppose S is a set of instances, A is an attribute, Sv is the subset of S with A = v, and Values (A) is the set of all possible values 

of A, then  

 
 

Suppose S is a set of instances, A is an attribute, Sv is the subset of S with A = v, and Values (A) is the set of all possible values 

of A, then 

 
 

Gini Index is a metric to measure how often a randomly chosen element would be incorrectly identified. It means an attribute 

with lower Gini index should be preferred. Sklearn supports “Gini” criteria for Gini Index and by default; it takes “gini” value. The 

Formula for the calculation of the of the Gini Index is given below. 
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B) Random Forest Algorithm 

Random Forest is a popular machine learning algorithm that belongs to the supervised learning technique. It can be used for 

both Classification and Regression problems in ML. It is based on the concept of ensemble learning, which is a process of combining 

multiple classifiers to solve a complex problem and to improve the performance of the model. 

 

 
 

Fig 5: Flowchart of Random Forest Algorithm 

As the name suggests, "Random Forest is a classifier that contains a number of decision trees on various subsets of the given 

dataset and takes the average to improve the predictive accuracy of that dataset." Instead of relying on one decision tree, the random 

forest takes the prediction from each tree and based on the majority votes of predictions, and it predicts the final output. 

 

 
 

     Fig 6: Random Forest Algorithm 
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IV. Regression Problems 

 

When using the Random Forest Algorithm to solve regression problems, you are using the mean squared error (MSE) to 

how your data branches from each node. 

 

 
V. Classification Problems 

 

When performing Random Forests based on classification data, you should know that you are often using the Gini index, or 

the formula used to decide how nodes on a decision tree branch. 

 

 
 

You can also use entropy to determine how nodes branch in a decision tree. 

 

 
 
 

VI. PERFORMANCE VALIDATION 

 

The proposed decision tree and random forest algorithm was trained/tested using machine learning techniques. The 

accuracy and response time was monitored during execution of dataset which is used to predict cancer diagnosis. For comparison 

purposes, a set of algorithms namely Decision Tree and Random Forest were employed. Moreover, the set of measures used to 

investigate the results were accuracy and response time. 

 

A) Implementation setup 

The downloaded dataset is dropped into an folder for further process such as pre-processing, feature selection, classification, 

etc. Before processing by machine learning algorithm the columns in dataset should be cleaned for null and empty. After that the 

data type of each column is checked and converted into int/float using label encoder. Finally features are set and then training and 

testing phases are completed via machine learning algorithms. Table 2 shows the accuracy and response time of each algorithm. 

 

 

Table 2: Summary of different type of ML algorithms. 

 

Type of ML algorithms Accuracy Response Time 

Decision Tree 0.96 1000 ms 

Random Forest 1.0 900 ms 

B) Analysis of results in terms of accuracy 

Fig. 7 provides a detailed comparison of accuracy on different machine learning algorithms such as Decision Tree and Random 

Forest. The Decision Tree algorithm and Random Forest algorithm will provide 90% and provide 95 % of accuracy.  
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Table 2: Accuracy Calculation. 

 

Type of ML algorithms Accuracy 

Decision Tree 0.96 

Random Forest 1.0 

 

 

Fig 7:  Comparative results analysis in terms of accuracy. 

 

VII. Conclusion 

This paper has presented an energy efficient scheduling algorithm in cloud environment using ACO+ algorithm. The 

presented algorithm incorporates the benefits of both ACO and Tabu Search algorithms. The presented ACO+ algorithm achieved 

an effective average energy for making and enhanced the essential measures like proper energy utilization and response time of the 

tasks. For experimentation, the set of measures used to investigate the results were make span and energy utilization. The simulation 

outcome showed that the proposed ACO+ model excelled in its performance over the compared methods. From the simulation 

outcome, it is understood that the ACO+ algorithm achieved effective results with the least average make span of 412427and energy 

utilization of 72% along with a make span of 412427, which was superior to all other compared methods. The future scope is 

inclusive of improvements in the presented ACO+ algorithm to use the data deduplication algorithms. 
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