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Abstract:- Breast cancer remains a major global health challenge, particularly for women in remote regions where 

the medical infrastructure is very poor. AI-powered diagnostic systems supported by cloud computing technology 

offer a practical way to deliver early detection services to these under-served areas. This work proposes an AI-

driven framework that combines Gain Ratio–based feature selection, PCA for reducing overfitting, an optimized 

Extreme Learning Machine (ELM) for breast cancer classification, and a cloud-enabled platform for remote 

diagnosis. Using the Wisconsin Diagnostic Breast Cancer (WDBC) dataset, the cloud-based ELM is compared 

with leading diagnostic methods. Results show that the proposed system outperforms existing approaches, 

achieving 98.25 % accuracy, 0.9891 recall, 0.9861 precision, an F1-score of 0.9861, and an AUC of 0.9931. 
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1. Introduction 

Worldwide, malignancies in breast cancer is one of the major causes of mortality in women [1–4]. About 2.3 

million new breast cancer cases and roughly 670,000 related deaths occurred worldwide in 2022 (WHO 2025). 

[5], According to their projections, If current trends continue, global breast cancer incidence and mortality to 

increase significantly and there could 3.2 million approximately new diagnoses and 1.1 million approximately 

deaths per year by 2050. Delayed diagnosis continues to be a primary driver of mortality, underscoring the need 

for advanced, rapid, and accessible diagnostic tools to enhance clinical decision-making. 

There are many conventional standard diagnostic practices which includes clinical breast exams, mammography, 

MRIs and biopsy; however, effectiveness of all these diagnosis systems have limited due to several factors[6, 7]. 

Some of the major factors affecting the prognosis in BC are availability of experienced medical practitioners, 

variability in diagnostic interpretation, high costs, and slow processing times especially in rural or under-resourced 

regions due to lack of modern medical infrastructure [8– 10]. Thus, there is a growing need to enhance the existing 

diagnostic mechanisms with automated intelligent systems which can offer accurate and scalable real-time 

solutions. With this intent many machine learning models have been inculcated in the healthcare diagnostic tools 

to improve the results but many of these approaches heavily rely on local machine processing resulting with 

limitations in terms of computational power, scalability, and real-time responsiveness [11,57]. Furthermore, the 

conventional diagnostic models often suffer from overfitting, slow training, or lack of generalization when applied 

on complex medical datasets. Manual interpretation remains susceptible to human error, and the inefficiency in 

handling large volumes of data from various healthcare centers further hampers the timely diagnosis [11, 12]. 

Cloud based paradigms have recently become a scalable and cost-efficient alter- native to locally deployed 

computing infrastructures, enabling remote data storage, processing, and management through distributed servers 

[1, 13]. Its browser-based user access mechanisms that allow healthcare professionals to integrate, retrieve, and 

update clinical records with improved efficiency. Moreover, cloud platforms support large and heterogeneous 

biomedical datasets—including medical images, EHRs, and also voice-based data streams [14]—while ensuring 

high service avail- ability and reduced system downtime [15]. In clinical applications, cloud computing facilitates 

remote diagnostic services for patients with limited mobility or financial constraints. It also enables telehealth 
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[16] and telemedicine workflows [17], support- ing the transmission of high-resolution medical images, videos, 

and other patient data from resource-limited regions to fully equipped medical centers. Furthermore, cloud- based 

systems are increasingly utilized for rapid retrieval of blood and organ donor information during emergency 

scenarios [18]. 

To mitigate the challenges associated with the local medical infrastructural services and the significant benefits 

of the cloud computing; this work proposes a cloud- integrated Optimized Extreme Learning Machine (O-ELM) 

model. The major objectives of this work include the improved speed and accuracy of diagnosis of medical data 

classification by enabling the real-time access, processing, and diagnosis through cloud infrastructure, thereby 

over-coming limitations of localized computing and enhancing accessibility. This optimized ELM is designed by 

integrating machine learning with cloud computing to handle large datasets, offering faster diagnosis, and be 

deployed remotely, making it a valuable tool for telemedicine applications. The major contributions after thorough 

analysis in this paper includes: 

• Real-Time Diagnosis via Cloud Integration: The system is deployed on a cloud platform, allowing 

healthcare providers and diagnostic centers to upload data and receive predictions instantly, without the need for 

high-end local machines 

• Optimization of ELM: With desired feature selection tuning the hyperparameter the basic ELM is 

enhanced to give the improved accuracy, generalization, and speed. The optimized model reduces training time 

significantly while maintaining high accuracy on benchmark datasets. 

• Performance Improvements: Experimental results of the proposed framework outperform conventional 

classifiers in terms of precision, recall, F1-score, and efficiency, while exhibiting superior scalability and 

robustness across heterogeneous medical datasets. 

The remainder of this paper is structured as follows: Section 2 provides a review of existing studies on machine 

learning, deep learning, and cloud-enabled approaches for breast cancer diagnosis. Section 3 outlines the proposed 

system architecture, covering data pre-processing, optimization techniques, and the designed cloud framework. 

Section 4 reports the experimental results along with comparative analyses. Section 5 offers a discussion of the 

results and highlights the study’s limitations. Finally, Section 6 concludes the paper and suggests directions for 

future research. 

 

2. Objectives 

The primary objective of this study is to develop an intelligent and efficient breast cancer diagnosis system by 

integrating machine learning techniques with cloud computing. The study aims to design an optimized Extreme 

Learning Machine (O-ELM) model to improve classification accuracy, generalization, and computational speed. 

Another objective is to enable real-time diagnosis through a cloud-based platform, allowing healthcare 

professionals to access, process, and analyze medical data remotely without relying on high-end local 

computational resources. The proposed system also focuses on overcoming limitations of conventional diagnostic 

approaches such as delayed processing, high cost, and dependency on expert interpretation. Furthermore, the study 

aims to enhance scalability and efficient handling of large and heterogeneous medical datasets using cloud 

infrastructure. Finally, the performance of the proposed model is evaluated using standard metrics such as 

accuracy, precision, recall, and F1-score to demonstrate its effectiveness compared to existing method 

 

3. Methods 

3.1 Background of Work 

To design a robust breast cancer diagnosis framework, in this paper, an extensive survey and analysis is done with 

an intent to understand previous contributions across three major components: 3.2. Models based of ML and DL 

BC diagnosis, 3.3. cloud- based healthcare systems, and 3.4. the use and optimization of Extreme Learning 

Machines (ELM). This section provides an organized literature review based on these areas and highlights gaps 

that justify the proposed work. 
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3.2 Intelligent Breast Cancer Diagnosis Methods 

In medical and bio-informatics domain, providing the accurate and efficient diagnostic solution has become a 

challenging task [19, 20]. In conventional diagnostic process are able to reduce the diagnosing errors, biases and 

also streamline the procedures to improve the efficiency with support of significant involvement of expert medical 

expertise. However, this expertise depends on the traditional imaging technologies such as mammography, X-

rays, MRI and CT etc. The analysis of large and heterogeneous medical image datasets often limits diagnostic 

accuracy, increasing the risk of misdiagnosis. Machine Learning and Deep Learning have emerged as robust tools 

[6]to enhance healthcare decision-making by enabling accurate disease prediction, real-time diagnosis, and cost-

effective interventions [19, 21]. ML applications have demonstrated high performance in predicting breast cancer 

[22], heart disease [23], liver disease [24], lung cancer [25], and prostate cancer [26]. Techniques such as SVM, 

LR, KNN, ANN, RF, and ensemble models including XGBoost and Auto-ML provide effective solutions for 

addressing challenges in breast cancer diagnosis. 

 

 

 

 

 

 

 

  

Figure 1: Classical ML based classification of BrC [27] 

 

Deep learning–based CAD is widely used in healthcare—including radiology [4, 28], pathology [29], cardiology 

[30], pharmacology [31], oncology [32, 33], and genomics [34]—and shows strong breast cancer diagnostic 

performance, though many studies still rely on traditional ANNs or ML with manual features rather than newer 

deep architectures like GANs and ELMs [35]. 

 

 

 

 

 

 

 

Figure 2: DL based breast cancer classification [27] 
 
 

3.3 Cloud-Based Healthcare Systems 

Model based on ML and DL have shown the significant contribution in early accu- rate detection as well as 

diagnosis of breast cancer. However, these models are very effective where the advanced medical infrastructure 

is available. But with increas- ing complexities in medical data processing, the conventional systems required to 

include more advanced models in real-world healthcare systems for robust automation, reproducibility, and 

continuous monitoring [36, 37]. 

file:///C:/1_MTECH%20MAJOR/PAPER/1_Journal/10519/Manuscript.docx%23_bookmark27
file:///C:/1_MTECH%20MAJOR/PAPER/1_Journal/10519/Manuscript.docx%23_bookmark27


Tuijin Jishu/Journal of Propulsion Technology 

ISSN: 1001-4055 

Vol. 47 No. 02 (2026) 

__________________________________________________________________________________ 

36 

The integration of cloud-computing with ML & DL that can support to store large volume of data and to automate 

the diagnostic system by providing the online services in remote areas where infrastructure is very poor [36]. This 

section highlights the major research contributions for large-scale healthcare systems breast cancer detection 

techniques based on machine-learning, cloud-based deployment models with CI/CD practices. 

In [37] proposed a intelligent model based on Extreme Gradient Boosting (XGBoost) with an accuracy of 99.12 

% for breast-cancer prediction. The study very strongly emphasized the critical role of feature-selection 

techniques, such as the Bon- ferroni correction, in optimizing model performance. The authors also highlighted 

the benefits of data pre-processing, including addressing class imbalance so as to improve diagnostic accuracy. 

[36]. But this study could not inculcate the automated deployment pipeline leading to the limitation in real-life 

implementation in most circumstances. A hybrid model MoEffNet is described model for breast cancer diagnosis 

in [38] is a combination of EfficientNet and Mixture of Experts (MoEs). This model according to the data available 

found to be performed much better than normal CNNs using efficient multi-scale feature extraction using 

EfficientNets and equaling dynamically modulated gates to yield over 0.99 AUC on multiple mammogram 

datasets. A deep learning bIn this study it is also found that the deep learning models have been used as support 

for multiple levels of image abstraction at the cost of heavier computa- tional expense [36]. As such even though 

this model has outperformed in real-world applications would with heavy cost. This study could have been 

extended the use of cloud-based edge processing to reduce the diagnosis cost which was not mentioned in this 

work. In [39] the authors have proposed LightGBM to classify the histopathological breast-cancer images. They 

enhanced model performance through color histogram analysis, contour and texture feature extraction, and data 

augmentation, enabling with an 99.8 % accuracy—surpassing other tree-based models such as XGBoost and 

CatBoost. However, it is very effective for structured image data, but lacked CI/CD automation for continuous 

model updates. The data presented in [40] is a comprehensive study on MLOps-driven CI/CD pipelines to deploy 

the machine-learning models. They highlighted that many ML algorithms fail due to insufficient automation 

mechanism and have suggested improved MLOps model for versioning, monitoring, and scalability. Apart from 

this, the authors have outlined cloud-deployment best practices, including CI/CD using GitHub Actions and 

Kubernetes-based delivery for automating a breast-cancer detection system. In [36] the authors have examined 

the ETL automation processes within ML pipelines using CI/CD workflows. This work demonstrated the effective 

use of automation tools like Apache Airflow, Jenkins, and Kubernetes to streamline data extraction, 

transformation, and loading. End-to-End CI/CD pipeline implementation model have reduced the retraining time 

and manual intervention, thereby improving scalability and operational efficiency. Their results also align with 

practices using AWS Glue for ETL and AWS SageMaker for automated model deployment, reinforcing the value 

of cloud-based MLOps. 

Despite recent advances, cloud-based diagnostic systems remain constrained by static processing, limited 

standardization, insufficient multi-site validation, and minimal edge integration, impeding scalability in low-

bandwidth environments. Additionally, secure, privacy-preserving frameworks are critical to safeguard medical 

data. Deep-learning–based cloud solutions further face challenges of latency, high operational costs, and 

inadequate real-time pipelines, limiting their utility for time sensitive clinical decisions. 

3.4 ELM and Its Variants 

Extreme Learning Machine (ELM) also called as single-hidden-layer feedforward neu- ral network (SHLFN), is 

specifically tailored for rapid training process and strong per- formance compared to traditional intelligent learning 

approaches. Its computational efficiency in the research aimed at lowering manual involvement, reducing training 

time, and improving classification accuracy [41]. Moreover, theoretical investigations have been conducted to 

assess the generalized behavior and global approximation capabilities of ELMs [42]. 
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                                                   Figure 3: Structure of SLFN 

The architecture comprises three main layers: the Input P, the Hidden H , and the Output O. The 
weight vector w, represents the connection from input layer to the hidden layer, b denotes the bias 
terms of the hidden layer and β represents the output layer. Training the network involves adjusting 
these parameters to obtain an optimal solution with high accuracy. The standard ELM framework has 
been shown to possess universal approximation properties [41, 58] and is typically trained in two 
stages— 

1. Random initialization of the parameters: - The parameters wi and bi, the parameter 
of hidden layer and bias of the network respectively are initialized with random values and kept 
constant throughout the process. Input vector is then mapped to the random feature space using nonlinear, 
piecewise-continuous activation functions. These randomly assigned parameters have been found to be more 
efficient than traditionally trained parameters. 
2. βi is then obtained by the Moore–Penrose inverse as it is a linear problem given as:Hβ = T. 

 
Algorithm 1: Basic ELM Model 

Require: Training set DS = {(xi, yi)}
N 

1: Initialize randomly weights wi of input layer and  

     biases bi of Hidden Layer 
2: Compute H,output matrix of the hidden-layer 

3: Get the output weights with using the Moore–Penrose 

pseudoinverse: 

Hβ = T 
β = H†T 

From the literature and analysis, it is observed that ELM possesses better gen- eralization abilities 
without iteratively tuned hidden parameters. Also, It is capable of modeling highly complex classification 
boundaries when provided with a sufficient number of hidden neurons [41]. Building on this capability, 
several enhanced variants of the ELM framework have been developed to improve its effectiveness in 
practical scenarios. These include: Random Hidden Nodes enabled ELM [41]; Parame- ter 
optimization approaches [41, 43, 44], such as the method proposed by Chen and Lv [43]; Structure 
modification strategies [41, 45, 46]; ELM for online learning [47]; ELM designed for imbalanced 
data [48]; ELM for big data applications [49, 50]; and ELM for semi-supervised and unsupervised 
learning [51]. Manifold regularization–based ELM retains the core properties of the traditional ELM 
while enabling its use on large-scale datasets. 

 

 3.5 Identified gaps 

From this review, the following research gaps have been identified: 

• Limited real-time breast cancer diagnostic systems that integrate machine learning with cloud 

computing. 

• Extreme Learning Machine (ELM), although fast and effective, is rarely used in 

cloud-based real-time healthcare applications. 

• Existing systems often lack end-to-end optimization, including feature selection, 

dimensionality reduction, and model deployment pipelines. 

• Existing systems often lead to overfitting problems due the high volume of data 

generation and feature extraction. 
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The proposed system addresses these gaps by implementing a cloud-integrated, real- time diagnostic 

framework using an optimized ELM model with gain ratio and PCA 

 

3.6 Materials and Methods  

The proposed optimized cloud-based breast cancer diagnosis framework which is help- ful for remote monitoring 

of patient data used for early detection. Its main objective is to classify cases as cancerous or non-cancerous using 

cloud-stored medical records. The overall architecture is shown in Figure 3.6.1. In this setup, patients visit a local 

healthcare center where diagnostic information—such as X-rays and clinical parameters are collected and sent to 

a physician, who then uploads the data to the cloud for automated analysis and diagnosis. 

 

 

 

 

 

 

 

 

Figure 4: Components of the proposed architecture 

 

In machine learning, model performance relies heavily on selecting attributes that enhance overall accuracy [1, 
52–54]. The optimized model operates in three stages: first, the gain ratio method identifies relevant features 
and discards insignificant ones; second, PCA is applied to address overfitting and reduce computational 
complexity; finally, ELM is used to classify the selected features. 
 
 
3.6.1 Gain Ration Method for Feature Selection 

For the feature selection, Gain Ratio a filter-based approach is used [1, 55] where the ranking of the attributes is 

done according to their relevance. This method helps in reducing bias there by normalizing the score using the 

attribute’s split information Unlike Information Gain method.  

First calculate the information gain of the feature F, which help in finding the possible decrease in entropy 

of the dataset 𝐷𝑆 when it is partitioned based on the values of, when F 

𝐺𝑎𝑖𝑛(𝐷𝑆, 𝐹𝑔) = 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝐷𝑆) − ∑
|𝐷𝑆𝑣|

|𝐷𝑆|
∙ 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝐷𝑆𝑣)𝑣∈𝑉𝑎𝑙𝑢𝑒𝑠(𝐹𝑔)    (3.1) 

Here, 𝐷𝑆𝑣  denotes the subset of samples where attribute 𝐹𝑔 = 𝑣  and 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝐷𝑆) quantifies the impurity in 

dataset 𝐷𝑆, calculated as: 

                                      𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝐷𝑆) = − ∑ 𝑝𝑐
𝐶
𝑖=1 log2(𝑝𝑐)                (3.2) 

Where 𝑝𝑐 denotes the probability of class  𝐶  in the dataset 𝐷𝑆, i.e., the proportion of samples belonging to  

class 𝐶.  Now calculate the Now calculate Split information as 

𝑆𝑝𝑙𝑖𝑡(𝐷, 𝐹) = − ∑
|𝐷𝑣|

|𝐷|𝑣∈𝑉𝑎𝑙𝑢𝑒𝑠(𝐹) log2 (
|𝐷𝑣|

|𝐷|
)  (3.3) 

Thus, the Gain Ratio is given as the ratio of Information Gain to Split Information and represented as: 

𝐺𝑎𝑖𝑛𝑅𝑎𝑡𝑖𝑜(𝐹) =
𝐺𝑎𝑖𝑛(𝐷,𝐹)

𝑆𝑝𝑙𝑖𝑡𝐼𝑛𝑓𝑜(𝐹)
                 (3.4) 

Where 

• 𝐺𝑎𝑖𝑛(𝐷𝑆, 𝐹𝑔) = 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝐷𝑆) − ∑
|𝐷𝑆𝑣|

|𝐷𝑆|𝑣∈𝑉𝑎𝑙𝑢𝑒𝑠(𝐹𝑔) ⋅ 𝐸𝑛𝑡𝑟𝑜𝑝𝑦(𝐷𝑆𝑣) 

• 𝑆𝑝𝑙𝑖𝑡𝐼𝑛𝑓𝑜(𝐹𝑔) = − ∑
|𝐷𝑆𝑣|

|𝐷𝑆|𝑣∈𝑉𝑎𝑙𝑢𝑒𝑠(𝐹𝑔) ⋅ log2 (
|𝐷𝑆𝑣|

|𝑆𝑖|
) 

 

 

file:///C:/1_MTECH%20MAJOR/PAPER/1_Journal/10519/Manuscript.docx%23_bookmark4
file:///C:/1_MTECH%20MAJOR/PAPER/1_Journal/10519/Manuscript.docx%23_bookmark52
file:///C:/1_MTECH%20MAJOR/PAPER/1_Journal/10519/Manuscript.docx%23_bookmark53
file:///C:/1_MTECH%20MAJOR/PAPER/1_Journal/10519/Manuscript.docx%23_bookmark4
file:///C:/1_MTECH%20MAJOR/PAPER/1_Journal/10519/Manuscript.docx%23_bookmark54


Tuijin Jishu/Journal of Propulsion Technology 

ISSN: 1001-4055 

Vol. 47 No. 02 (2026) 

__________________________________________________________________________________ 

39 

3.6.2 PCA for Overfitting 

Overfitting is a well-known challenge in medical diagnostic models, where classifiers may capture 
patterns specific to the training data, thereby limiting their generalization capability. In this 
proposed cloud-integrated diagnosis system, possibility of overfitting may arise due to high-
dimensional noisy and highly correlated input features. Principal Component Analysis (PCA), a 
dimensionality reduction algorithm is employed to alleviate overfitting challenges by transforming 
the original feature space into a reduced set of orthogonal principal components. This set of data is 
ordered according to the proportion of variance preserved from the original data. 

Assume your dataset after Gain Ratio feature selection is represented as: 

 𝐹𝑔 = {𝑓1 , 𝑓2 , 𝑓3 , … , 𝑓𝑛},  𝑓𝑖 ∈ 𝑅𝑑                    (3.5) 

Where 

• 𝐹𝑔 ∈ 𝑅𝑛×𝑑  is the matrix of 𝑛 samples with 𝑑 features (e.g., clinical measurements) 

• Each row 𝑓𝑖 represents a feature vector for one patient 

Step 1: Find the data center} by subtracting the mean of each feature 

                                                                       𝑓̅ =
1

𝑛
∑ 𝑓𝑖

𝑛
𝑖=1                        (3.6) 

                                                                                      

𝐹𝑐𝑒𝑛𝑡𝑟𝑒𝑑 = 𝐹 − 𝑓 ̅             (3.7) 

          

Step 2: Compute the covariance matrix Σ 

            

                                                  Σ =
1

𝑛−1
𝐹𝑐𝑒𝑛𝑡𝑟𝑒𝑑

⊤ 𝐹𝑐𝑒𝑛𝑡𝑟𝑒𝑑             (3.8) 

 This 𝑑 × 𝑑 matrix captures the relationships (covariances) between all pairs of features. 

 Step 3: Eigen decomposition} of the covariance matrix: 

            

                                                            Συ𝑖 = λ𝑖υ𝑖              (3.9) 

 Where 

• λ𝑖  is the eigenvalue representing the variance captured by component 

• υ𝑖 is the corresponding eigenvector indicating the direction of the principal component 

Step 4: Arrange the eigenvalues 𝜆𝑖 in descending order to Select top-κ principal components 

                            

 𝛌𝟏 ≥ 𝛌𝟐 ≥ 𝛌𝟑 ≥ ⋯ ≥ 𝛌𝒅              (3.10) 

now choose the top- 𝜅 eigenvectors 

𝑉κ = [υ1, υ2, … , υκ],  𝑉κ ∈ 𝑅𝑑×κ,  κ < 𝑑           (3.11) 

The accumulated co-variance retained to decide the appropriate no of principal components 

𝐴𝐶𝑉 =
∑ λ𝑖

κ
𝑖=1

∑ λ𝑖
𝑑
𝑖=1

                             (3.12) 

Step 5: Project the data onto the new subspace 

𝑍 = 𝑋𝑐𝑒𝑛𝑡𝑟𝑒𝑑 ⋅ 𝑉𝜅                             (3.13) 

Where 𝑍 ∈ 𝑅𝑛×κ  is the transformed dataset with reduced dimensions.  

Step 6: Now use this reduced dataset 𝑍 to the ELM classifier for classification. 

 

3.6.3 Classification using ELM 

Extreme Learning Machine (ELM) [1]is a single-layer feedforward neural network (SLFN) that achieves 
fast learning by randomly assigning input weights and hidden- layer biases, while analytically computing 
the output weights. By avoiding iterative backpropagation, ELM significantly reduces training time and 
computational complexity. 
Figure 3.3.1 shows the working of the ELM model for breast cancer detection and Figure 3.3.2 shows 
the integration of Cloud with modified ELM Mode 
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                                     Figure 5: Working of ELM for breast cancer detection 

 

 

 

 

 

 

 

 

                                      Figure 6: ELM Model Integrated with cloud 

 

 

 

 

 

 

 

 

 

 

3.7 Dataset and Evaluation Metrics 

3.7.1. Dataset Used for Experimentation 

The Wisconsin Breast Cancer Diagnosis (WBCD) dataset [1]is a widely used bench- mark for assessing 

machine learning–based breast cancer classification techniques. Provided by the University of Wisconsin, 

the dataset comprises 569 samples, with 357 benign and 212 malignant cases. Each instance is described 

by 30 real-valued features derived from digitized fine-needle aspirate (FNA) images of breast masses. These 

features are grouped into three categories—mean, standard error, and worst values—computed for ten 

morphological characteristics, including radius, texture, perimeter, area, smoothness, compactness, 

concavity, concave points, symmetry, and fractal dimension. 

3.7.2. Evaluation Criteria 

The evaluation model produces four possible predictive outcomes, indicating whether a sample is correctly or 

incorrectly classified as positive or negative. These outcomes include True Positive (TP), True Negative (TN), 

Algorithm 2: ELM-Based Classification 

Input: 

Dataset 𝐷𝑆 ∈ 𝑅𝑀×𝑁  , Labels 𝑇 ∈ 𝑅𝑀×𝟙  , Hidden neurons L 

Output: 

Output weights β, Prediction 𝑦̂  

begin 

1.   Randomly initialize weights 𝑾 ∈ 𝑅𝑁×𝐿 and  𝒃 ∈ 𝑅𝐿 weights and biases respectively 

2. Find hidden layer output: 𝑯 = 𝑔(𝐷𝑆 ⋅ 𝑾 + 𝒃) 

3. Get the output weights: 𝜷 = 𝑯†𝑇 

4. for each new feature vector 𝐹𝑔 𝑑𝑜 

5. Compute prediction: 𝑦̂ = 𝑔(𝐹𝑔 ⋅ 𝑾 + 𝒃) ⋅ 𝜷 

end 
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False Positive (FP), and False Negative (FN). Such classifications are essential for quantifying the model’s 

performance metrics and diagnostic accuracy. 

Accuracy =
𝑇𝑃 + 𝑇𝑁

Total Number of Samples
 

Precision =
TP

TP + FP
 

 

Recall =
TP

TP + FN
 

κ =
𝑝𝑜 − 𝑝𝑒

1 − 𝑝𝑒

 

where 𝑝𝑜 represents the observed agreement, 𝑝𝑒 denotes the expected agreement, 𝑦𝑗 is the true label, and 

𝑦𝑗 is the predicted label.̂  

F1-Score =
2 ⋅ Precision ⋅ Recall

Precision + Recall
 

  

 

4. Results 

 

 

 

 

 

 

 

 

 

        Figure 7: Experimental Setup in Cloud Environment for BC Detection with ELM 
Model 

 
4.1 Standalone Envionment: 

The Experiment is carried out on standalone machine with advanced configuration of 16 GB 
RAM, an Intel i5-10th generation of processor (2.71 GHz), and 1 TB HDD. For 
implementation of Classification models Python with PyCharm IDE [56] is used and 
performance is tested using WBCD dataset using multiple performance metrics. 

 
 

 

 

 

 

 

Figure 8: User Interface for Cloud Based ELM Model for BC Detection 
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Table 1: Performance metrics on standalone machine using different machine learning 

Model Accuracy Kappa Precision Recall 

AdaBoost 0.9298 0.8460 0.9375 0.9545 

KNN 0.9064 0.7913 0.9211 0.9375 

Perceptron 0.8304 0.6614 0.9765 0.7545 

SVM 0.9298 0.8447 0.9464 0.9464 
ELM 0.9692 0.6046 0.7912 1.0000 

 

 

 

 

 

 

(a)                                                     (b)                                                         (c) 

 

 

 

 

 

 

 

                                                    (d)                                                              (e) 

Figure 9: Confusion Matrices: a. AdaBoost b. KNN c. Perceptron d. SVM e. ELM 

 

Table 2: Performance Metrics for Different Sample Sizes 
Sample 
Size 

Accuracy Kappa Precision Recall F1-Score 

50 0.9340 0.8312 0.8950 0.9861 0.9382 

100 0.9461 0.7921 0.8926 0.9869 0.9381 

150 0.9561 0.7851 0.8859 1.0000 0.9410 

200 0.9691 0.6052 0.7918 1.0000 0.8840 
250 0.9651 0.4383 0.7301 0.9119 0.8114 

 

 

 

 

 

 

 

 

Figure 10: Comparative Analysis of Machine Learning Models 
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Figure 11: Comparison of Machine Learning Algorithms line Graph 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 12: ML Algorithm Performance vs. Hidden Neurons 

 

 

 

 

 

 

 

 

 

Figure 13: ML Algorithm Performance vs. Hidden Neurons 

 

4.2 Cloud Envionment: 

 

The ELM model was deployed on Amazon EC2 (PaaS) to reduce execution time and improve accuracy, 

with results compared to a standalone system. Table 3 shows 

Table 3: Performance Analysis with Varying Hidden Layer Nodesin Cloud Environment 
No. of 
HLN 

Accuracy Kappa Precision Recall F-score 
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50 0.9358 0.7918 0.8927 0.9869 0.9376 

100 0.9472 0.7425 0.8753 0.9587 0.9153 

150 0.9521 0.7274 0.8708 0.9739 0.9195 

200 0.9690 0.5174 0.7954 0.9043 0.8464 

250 0.9649 0.5474 0.8127 0.9874 0.8916 

300 0.9889 0.5469 0.8254 0.9886 0.8927 

 

the how ELM out-perform to meet the highest accuracy of 0.9892 at HLN=300 hidden nodes on a system 

configured with 4 vCPUs and 16 GB RAM, and its perfor- mance tends to improve as CPU capacity, memory, 

and hidden node counts increase. Figure 15 represents the comparison of outcomes between cloud and the 

standalone environment. 

 

 

 

 

 

 

 

 

 

Figure 14: Analysis of ELM in cloud Environment with varying hidden layer nodes. 

 

Figure 15: Analysis of ELM in cloud Environment with varying hidden layer nodes. 

 

5. Discussion 

The experimental results demonstrate that the proposed cloud-integrated optimized Extreme Learning Machine 

model achieves superior performance compared to conventional classification techniques. The integration of 

feature selection and dimensionality reduction techniques such as Gain Ratio and PCA significantly enhances the 

model’s accuracy and generalization capability while reducing computational complexity. Furthermore, the 

deployment of the system on a cloud platform enables real-time data processing and remote accessibility, making 

it highly suitable for telemedicine applications. The proposed framework effectively addresses the limitations of 

traditional diagnostic methods, including dependency on local computational resources and delayed processing. 
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However, the model performance may vary depending on dataset quality and size, and further validation on large-

scale real-world datasets is required to improve its robustness and reliability. 

 

5.1.1 Conclusion: 

This study presented an optimized cloud-based breast cancer diagnostic model using the Extreme Learning 
Machine (ELM) and the effective analysis on the WBCD dataset. By integrating gain ratio–based feature 
selection and PCA-driven dimensionality reduction, the proposed system achieved fast and accurate 
classification while mitigating overfitting. Comparative analysis showed that ELM consistently 
outperformed several conventional classifiers on a standalone system. When deployed in a cloud 
environment using Amazon EC2, the ELM model exhibited further improvements in accuracy, execution 
time, and overall stability due to scalable computational resources. The cloud-based implementation 
achieved notable performance, including an accuracy of 98.91 %, recall of 0.9825, precision of 0.9861, 
F1-score of 98.61 %, and an AUC of 0.9931. These results indicate that cloud-enabled ELM is a promising 
approach for reliable and efficient breast cancer diagnosis, particularly for remote or resource-constrained 
healthcare settings. 
But still this cloud-based framework further can be improved the classification accuracy on larger real-time 
datasets which includes medical imaging, EHR and also can be integrated with IoT computing with 
improved security features 
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