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INTRODUCTION how much it is needed to detect the disease early on and
diagonse it properly. Though it primarily strikes women,
breast cancer can occur in men too. Early detection by
globally. There were approximately 2.3 million new cases  medical scans can save lives [2]. Physicians employ var-

reported and 685,000 deaths [1] in 2020, demonstrating ious types of scans such as mammograms, ultrasounds,
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CT scans, and PET scans to diagnose breast cancer. Of all
these, mammograms are the most widespread and efficient
at helping tumors at an early stage. Once a tumor has been
identified, one should determine whether it is malignant
or benign, since this informs physicians on what treatment
to utilize and enhance the outcomes of the patients. This
statistic underscores the critical need for early detection
and accurate diagnosis to improve survival rates. Accurate
differentiation between these types of tumors is essential
for effective management and improved prognosis, espe-
cially given that breast cancer is one of the leading causes
of death among women worldwide [3, 4]. Either physical
examinations or imaging analysis are the most widely used
techniques for diagnosing and classifying breast cancer [5,
6]. In our research, we used to classify breast cancer into
two types, benign(0) and malignant(1). This classification
is crucial in breast cancer diagnosis since it has a direct
impact on the treatment strategy and prognosis. Benign are
not cancerous tumors and it tend to be treated less aggres-
sively than malignant tumors, which are cancerous and it
can require more aggressive therapies. By focusing on these
two types, our research aims to enhance the accuracy of
distinguishing between non-threatening and potentially
life-threatening cases, which is critical for effective patient
management. When a patient is diagnosed with breast can-
cer, their prognosis is greatly improved by prompt interven-
tion and detection, and patients treated for (DCIS) Ductal
carcinoma in situ now have a better prognosis, even in sit-
uations where there is no evidence of metastasis, because
of recent advancements in diagnostic and therapeutic tech-
niques [7,8]. To decrease the cancer rates, early detection is
needed and machine learning models are mostly used for
the diagnosis of a variety of diseases, including lung, skin,
oral, and breast cancers [9,10].

In addition, researchers have recently developed differ-
ent machine learning models by using various types of tech-
niques to select important features for diagnosing breast
cancer. Machine learning is the application of various mod-
els that learn from historical data to predict without being
programmed. Feature selection [11], An important step to
create a good model in which best attributes are selected
from the data to improve model performance. This improve
the accuracy of predictions by concentrating on important
features and minimizing computational complexity [12].
One of the most notable technique for feature selection is
Recursive Feature Elimination (RFE). RFE systematically
eliminates the most insignificant features, trains the model,
and recalculates its performance to avoid retaining any of
the least influencing features [13]. Moreover, Ensemble
learning methods play a crucial role to enhance prediction
performance. This is done by ensembling multiple models
to benefit from their strengths while avoiding individual
vulnerabilities. For example, Random Forest, a bagging
method it combines predictions of many decision trees to
get a stronger classification result. By integrating the results
from multiple decision trees, Random Forest enhances

predictive performance and reduces overfitting, making it
a powerful tool for breast cancer classification.

The application of machine learning algorithms to
the prediction of breast cancer has increased recently.
For example, a variety of machine learning classification
algorithms, such as Naive Bayes, Support Vector Machine
[14], Decision tree [15], Multilayer perceptron, Random
Forest [16], and K-nearest neighbors, were applied to the
Wisconsin breast cancer dataset to predict cancer and The
medical industry starting to recognize data mining tech-
niques also more and more because of their practical clas-
sification and high predictive power [17]. Research persons
used machine learning, an artificial intelligence type of
application, to convert a large amd diverse data sources into
outstanding knowledge [18, 19].

Big data is used for various types of diseases that is
used to help diagnose, predict, and treat many diseases,
making it easier to handle conditions that are difficult to
manage manually [20, 21]. Analyzing large datasets can be
challenging when the objective is to uncover information.
Unfortunately, the traditional approaches using normal
machine-learning algorithms were unable to address the
new issues brought by big data, especially those of scalability
[22]. Big data analysis is performed using the Apache Spark
MLIib platform, which includes a set of machine learning
techniques. We have seen big data machine learning from
a computational perspective in this work [23]. Performance
is further enriched by the Apache Spark Python API using
Pyspark, a big data framework [24]. Data can be split and
distributed across multiple clusters (nodes) in this setup.
Every cluster is responsible for handling the relevant por-
tion of the data and completing the analysis task that has
been assigned to it. Located on the main computer, also
referred to as the master node, the master software handles
the distributed processing tasks and distributed files. It can
be challenging to interpret and explain ensemble learning
models, especially if they use advanced machine learning
algorithms such as gradient boosting or random forests [25].
In assessing breast cancer risk, it may be useful to incorpo-
rate long-term data, such as repeated measurements of risk
factors taken over time. There are gaps in research in the
development of models that effectively combine temporal
and long-term data considering the varying nature of risk
factors and their impact on cancer development.

Processing the large amounts of data required for
scientific studies today demands much time and effort.
High-perfromance computational (HCP) approaches are
employed by researchers [26]. Spark is an analytics platform
for big data. MLIib is a part of the present-day spark frame-
work. All the algorithms for clustering and classification
are offered by the Machine learning library (MLIib) [27].
This research mainly focuses on big data technology such
as spark to classify breast cancer (BC) using machine learn-
ing libraries with Pyspark and supported by Spark’s RDD
(Resilient Distributed Dataset) concept. RDDs could be
loaded into memory without splitting queries into smaller
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Figure 1. Pyspark architecture using single node cluster.

ones. If something goes wrong when processing, they
duplicate the lost information [28,29]. In which, we used
single-node Pyspark architecture, the Driver Program ini-
tializes the Spark Context, which interfaces with the Local
Cluster Manager to manage resources. The Cluster Manager
schedules tasks on the Worker Node, where Executors per-
form computations. The Pyspark API and RDDs define the
transformations and actions on data, which are executed by
the Executors. This setup allows efficient data processing
within a single machine shown in Figure 1.

The classifiers used Random Forest (RF), Gradient
Boosting (GB), Factorization machine (FM), OnevsRest
(OvR), Multilayer Perceptron (MLP), and a novel Logistic
Ensemble Fusion Classifiers are used to build offline
using Spark Machine Learning Pipeline and in which fea-
ture selection techniques also play a crucial role to select
the best features through the training of RF and SVM to
improve prediction and classification accuracies [30]. The
objective of this research is to leverage big data technology,
specifically Pyspark, to enhance the classification of breast
cancer using Advanced machine learning techniques and
feature selection methods within the Spark framework.
Distributed operations in a single-node cluster can help us
increase the accuracy and efficiency of breast cancer classi-
fication models.

Literature Review

Breast cancer is the most prevalent form of cancer
among women worlwide. Early diagnosis and detection
are imperative for treatment success and better patient out-
comes. Machine learning (ML) has proved to be a versatile
method for processing medical data and supporting breast
cancer prediction and classification. This review discusses
recent studies on the use of ML methods in breast cancer
diagnosis and risk prediction.

Task Task

Pyspark API

RDDs

Many studies have investigated the application of ML
algorithms to diagnose breast cancer as benign or malig-
nant. Albaldawi et al. [3] conducted a random forest
algorithm that employed Apache Spark for breast cancer
prediction with 96.29% accuracy, while Michael [5] sug-
gested an optimized framework with LightGBM, K-NN,
SVM, RE XGBoost classifiers for classification employ-
ing different machine learning approaches. Wei et al. [7]
focused on combining texture and morphological features
from ultrasound images for tumor classification by using
SVM and NB. However, SVM gives the highest accuracy
with 91.11%. [8] Explored using real-time health data
streaming for breast cancer risk prediction using five
classifiers RE, GB, LR, DT, and SVM from that RF gives
an accuracy of 99% and Investigated combined Support
Vector Machines (SVM) and extra trees model reached the
accuracy up to 80.23% for feature selection in breast can-
cer risk factor analysis [9]. Research such as Visser et al.
[10] also investigated determinants of breast cancer recur-
rence, which has implications for early diagnosis efforts and
practices.

Ensemble methods involving combining many ML
algorithms proved to be a promising direction for breast
cancer classification. Jabbar [11] used an ensemble learn-
ing technique constructed from a Bayesian network and
Radial bases function on 97% accuracy in analysis of breast
cancer data, and Wu and Hicks [12] are worked with Triple
Negative Breast cancers (TNBC) and Non-TNBC for clas-
sifying the breast cancer by the SVM model. Reshan et
al. [13] also investigated using multi-model features and
ensemble methodologies for better detection and classifi-
cation. Lopez et al. [32] and Naji et al. [33] also carried out
research work on the feature selection methods to make the
efficient model.

Several citations in this literature review point towards
the usage of Apache Spark, a distributed processing system,
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in machine learning pipelines of breast cancer analysis.
Researchers such as Albaldawi et al. [3] and Omran et al.
[16] illustrate SparK’s capability to process large amount of
datasets where RF-RFECV provides an accuracy 0f 99.1%
applicable to breast cancer diagnosis. SparK’s distributed
architecture supports parallel computing, so it is suitable
for analyzing medical images, patient data, and other big
data sources that are routinely encountered in breast can-
cer studies. Alghunaim et al. [24] mentioned that scalabil-
ity is crucial for handling the growing volume of breast
cancer data. In which, they used three classifiers DT, RE
and the SVM giving an accuracy of 97.33% Spark’s ability
to scale horizontally by adding more computing nodes
makes it suitable for processing large datasets efficiently.
This means quicker analysis and faster turn around times
for critical activities sucha s risk prediction and treatment
planning. Authors [29] demonstrate Spark’s MLIib library,
which offers a set of machine learning models it were easily
developed to breast cancer analysis for detection and clas-
sification performances are 72% and 83%. MLIib provides
functionality for classification, regression, and clustering
that can be used to investigate multiple methods for breast
cancer diagnosis and risk analysis. Though not directly
applicable to breast cancer. Nair et al. [31] investigates
Spark for real-time health data analysis indicates potential
utility for integration with wearable sensors or health sys-
tems. This may allow for real-time tracking of patient heath
data and could lead to earlier breast cancer detection.

The advent of big data provides new opportunities for
the diagnosis and risk evaluation of breast cancer. Huang
et al. [15] investigated integrating biclustering mining
with Adaboost classifier based on big data. Omran et al.
[16] suggested a machine learning approach on Spark for
the identification of breast cancer from tweets of patients.
Research such as Kodipalli et al. [26] and Jaiswal et al. [27]
also underscored the potential of ensemble machine learn-
ing and big data analytics in predicting and classifying of
breast cancer. Although ML provides promising paths for
the diagnosis of breast cancer, there are certain limitations
yet. Works of Authors [18, 19] emphasize the requirement
for futher study of various ML models and data mining

methods to achieve highest performance using a support
vector machine of 91.36% accuracy. Additionally, research
on feature selection techniques and model interpretability
holds significance [32]. So, Apache Spark emerges as a pow-
erful tool for handling big data and implementing machine
learning algorithms in breast cancer research. Its scalability,
performance, and readily available ML libraries make it a
valuable asset for researchers and healthcare professionals.

MATERIALS AND METHODS

Dataset Description

We have taken a dataset from several sources such as
Kaggle, github, figshare with 1,66,558 instances and 30
features used for classifying breast cancer. In which, these
features are taken from digitized images of fine needle aspi-
rates (FNA) of breast masses, and these are microscopic
pictures. These pictures are generally stored in JPG or PNG
format. Digitized images are processed to obtain morpho-
logical characteristics of the cell nuclei, radius, and texture,
which are instrumental for diagnosing breast cancer. Using
feature selection methods, we selected the top 18 features
from the original 30 to train and test the model shown in
Table 1. The dataset includes 1,04,501 benign instances and
62,057 malignant instances.

Proposed Methodology

In the Proposed system, we utilize Spark Machine
learning to classify breast cancer by distinguishing between
the presence and absence of cancer. We employ advanced
machine learning models and feature selection methods
such as RE-RFE and SVM-REE to evaluate accuracy and
efficiency., particularly in healthcare applications. This
system processes vast amounts of synthetic, augmented,
and real-time data using Apache Spark’s in-memory clus-
tering capabilities. Six Machine learning models are used
Random Forest, Gradient Boosting, Factorization machine,
OnevsRest, Multilayer Perceptron, and the proposed model
(Logistic Ensemble Fusion) are assessed, with the high-
est accuracy model selected as the final classifier. This

Table 1. Features selected by RF-RFE and SVM-RFE methods.

Feature selection methods

Features

RF-RFE

‘perimeter_worst, ‘area_worst, ‘concave points_worst, ‘concave points_

mean, ‘concavity_mean, ‘radius_worst, ‘perimeter_mean, ‘area_se, ‘area_
mean, radius_mean, ‘texture_worst, ‘texture_mean, ‘smoothness_worst,
‘concavity_worst, ‘radius_se, ‘symmetry_worst, ‘compactness_worst,
‘smoothness_mean’

SVM-RFE

‘smoothness_worst), ‘texture_worst, ‘concave points_worst, ‘radius_

worst, ‘symmetry_worst, ‘concave points_mean, ‘perimeter_worst,
‘area_worst, ‘radius_se, ‘texture_mean, ‘concavity_worst, ‘radius_mean,
‘perimeter_mean), ‘area_mean, ‘area_se, ‘concavity_mean, # perimeter_se,
‘compactness_se’
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Figure 2. Proposed work methodology.

approach aims to improve early detection and proactive
management of breast cancer.

The process of the proposed system is illustrated in
Figure 2. First, a Spark session is created to load the breast
cancer data, followed by data augmentation and prepro-
cessing to clean and enhance the dataset. Then, Recursive
Feature Elimination (RFE) is applied by Random Forest
(RF) and Support Vector Machine (SVM) models to suc-
cessively choose the most important features, for maximiz-
ing model efficiency and eliminating overfitting. After the
selection of features, the SparkML pipeline consolidates
the various steps of the machine learning project, making
it easier to perfrom data extraction, transformation, and
model management. The pipeline includes a String Indexer
for encoding categorical labels and one-hot-encoding for
converting categoricak variables into binary features.. A
vector Assembler is employed to assemble specified fea-
tures into one vector column. The machine learning meth-
ods, including a new logistic ensemble fusion model, are
trained on these features. The dataset is divided into tarin
and test datasets with an 8:2 ratio. Different algorithms are
used to assess and improve the model’s performance.

\\‘ Malignant (1)

Machine Learning Methods

Apache Spark’s machine learning library, MLIib, is for
distributed and scalable machine learning, inspired by
Scikit-learn’s pipeline ideas. Apache Spark itself is an open-
source framework that is optimized for analytics and big
data anlaysis. In which, we employed different machine
learning models by utilizing PySpark MLIib, which is for
distributed computing and scalable machine learning over
large datasets. It has efficient implementations of many
models with the ability to process in parallel and handle big
data.

Random Forest

Random forest in PySpark MLIib is designed for dis-
tributed, scalable computing. It constructs many decision
trees in parallel, and each of these is trained on randomly
selected subsets of data and features. The randomness helps
to reduce overfitting and results in the model being a more
generalizer. The trees are grown to a depth that is controlled
by the maxDepth parameter and node splits are based on
metrics like Gini impurity in classification. The featureSub-
setStrategy parameter controls the number of features that
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are tested for each split, making the trees heterogeneous
and the model more robust.

The numTrees parameter determines the number of
trees in the forest, affecting the models accuracy and com-
putational expense. The maxBins parameter determines the
number of bins used for feature splitting, affecting model
precision. Pyspark adds up the outputs of all the trees for
prediction. In classification, the aggregation is done by
majority voting, where the most frequently voted class is
selected as the final prediction. For regression, all the trees
average out their predictions. [3] The final classification
prediction may be provided by the formula:

frr () = TN, Ti(x) (1)

T; is the i-th decision tree in Equation (1). Tuning
parameters like numTrees, maxDepth, maxBins, and fea-
tureSubsetStrategy allows Pyspark MLIibs random forest
model to be used on large data sets, for maximizing accu-

racy, strength, and computing requirements.

Gradient Boosting

This method constructs models sequentially, with each
subsequent model trained to improve on the mistakes of
previous models. The process starts with a starting model,
usually a basic decision tree, and progressively adds new
models that concentrate on the residuals of the last ensem-
ble. This sequential process assists in enhancing the pre-
cision of the predictions by correcting the errors made in
previous iterations. The maxIter parameter determines
the number of boosting iterations, and how many models
will be included in the ensemble. In each iteration, a new
model is fit to the residual errors of the last ensemble, mak-
ing predictions based on the gradient of the loss function.
The maxDepth parameter determines the maximum depth
of each decision tree that is used in the boosting process,
which affects the model’s capacity to learn complex pat-
terns. The stepSize, or leaning rate, adjusts the contribution
of each new model, influencing how rapidly the model con-
verges and the stability of the predictions.

The last prediction in Gradient boosting is calculated by
summing the predictions of all models in the ensemble. For
every data point, the prediction is the sum of all individual
models” predictions, weighted by the learning rate. [8] The
matheatical formula for this aggregation is:

fm(x) = frn1 ()40 hyp (%) (2)

where f,, is the boosted model at iteration m, f,, ;(x) is the
prediction from previous ensemble, h,, is a weak learner,
and « is the learning rate in Equation (2).

Factorization Machine

Factorization Machines (FM) are designed to handle
large-scale, sparse datasets by efficiently modeling interac-
tions between features. Factorization Machines generalize

matrix factorization methods to model variable interac-
tions in a high-dimensional environment, and so they are
especially recommended for tasks and regression tasks
with many features. The central concept of Factorization
Machines is to factor out the interactions among features
into latent factors, making it easy to model intricate inter-
actions without increasing computational complexity. Each
interaction between the features is represented as a dot
product of feature-associated latent vectors. This allows
Factorization Machines to learn feature pair interactions
without having to specify all possible pairs of features
explicitly.

9 =wo + Lisg WiXi + Lt Xz < ViV > xp%; (3)

Where in Equation (3) The estimate y has a global bias
w,, per-feature weights w;, and paiwise interactions between
<v;v; > is the dot product of the latent vectors. This enables
the model to capture both per-feature effects and pairwise
interactions, making it appropriate for complex datasets.

In PySpark MLIib, factorSize determines the size of
the latent factors, it affects the model’s ability to represent
feature interactions. Larger factor sizes can represent high-
er-order interactions but can consume more computational
resources and lead to overfitting. The featuresCol and label-
Col parameters determine the input feature column and
target label column, respectively.

One-vs-Rest

One-vs-Rest (OVR) strategy is employed for multiclass
classification to convert it into multiple binary classification
problems. This approach simplifies multiclass classifica-
tion by training a distinct binary classifier for every class.
Each of these classifiers is trained to separate a single class
from all the other classes combined, essentially converting
the multiclass problem into a series of binary problems.
The OvVR process starts with the construction of a binary
classifier for every class in the dataset. In which, the tar-
get class samples are assigned positive labels, and samples
of all other classes are assigned negative labels. The binary
classification environment enables the model to concen-
trate on separating one class from the others. In prediction,
every classifier produces a score for every data point that
represents the probability of the data point belonging to its
corresponding class. The final prediction for a data point is
made by choosing the class with the highest score among all
binary classifiers. The mathematical form of the prediction
is:

y = argmax; (h;(x)) (4)

In Equation (4), The final prediction y is the class 1 with
the highest prediction score h,(x) This method aggregates
the results of multiple binary classifiers to determine the
most likely class.
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The OVR strategy is executed using a base binary clas-
sifier, for example, Logistic Regression or Support Vector
Machines, that can be set through the classifier parameter.
The performance of the OvR model relies on the selection
of this base classifier and its parameters, e.g., regularization
strength and optimization criteria.

Multilayer Perceptron

Multilayer Perceptron (MLP) is a complex neural net-
work architecture employed for classification as well as
regression. The MLP has several layers of neurons that
include an input layer, one or more hidden layers, and an
output layer. Each of the neurons in these layers maps to a
nonlinear activation function that makes it possible for the
MLP to learn and represent intricate patterns and associa-
tions in the data.

The MLP works by passing input data through the
network layers. The data is first fed into the network and
processed by the input layer neurons. The neurons in the
input layer apply weights and biases to the input data before
applying an activation function. The processed output is
then forwarded to the next hidden layers. The hidden layers
apply their respective weights and biases, further process-
ing the data. The last output layer makes the prediction of
the model based on the features learned in all the previous
layers. The fundamental process of the MLP can be mathe-
matically described as:

9y =o(W,o(Wyx + by) + b,) (5)

In Equation (5), The prediction y is made by applying
weights W and biases b across several layers, with activation
functions o introducing non-linearity. The layer structure
allows the MLP to learn complex data patterns. Multilayer
Perceptron (MLP) network architecture for predicting
breast cancer comprises an input layer with top 18 input
features, two hidden layers with 64 and 32 neurons, and an

Breast

cancer data
Input

Input Layer

Hidden Layerl
(64)

output layer. They are connected via weighted edges and
activation functions applied to introduce non-linearity. This
configuration enables the model to predict the input data as
either benign (0) or malignant (1), as indicated in Figure
3. PySpark MLIibs MLP implementation uses distributed
computing to efficiently process large-scale datasets. The
layers parameter specifies the network architecture, includ-
ing the number of neurons per layer. The seed parameter
makes the initialization of weights consistent across differ-
ent executions, promoting reproducibility.

Proposed Logistic Ensemble Fusion Model

The proposed Logistic Ensemble Fusion Model (LEF)
for breast cancer classification leverages three base clas-
sifiers: Support Vector Machine (SVM), Decision Tree
(DT), and Logistic Regression (LR). Each classifier is inde-
pendently trained on the same dataset to produce initial
predictions. These predictions capture different aspects of
the data due to the diverse nature of the classifiers.

Combining Predictions

Once the base classifiers generate their predictions,
they are combined into a single feature vector. This vector
includes the outputs from the SVM, DT, and LR classifi-
ers for each data point. By aggregating these predictions,
the model capitalizes on the strengths and mitigates the
weaknesses of each classifier, enhancing overall prediction
accuracy.

Meta-Classifier

Logistic Regression is employed as a meta-classifier
to interpret the combined predictions. The role of the
meta-classifier is to learn how to best combine the outputs
from the base classifiers to make the final prediction. This
approach allows the model to weigh the importance of each
base classifier’s prediction and derive a more accurate final
prediction.

Benign(0}

Malignant(1)

Activation
Function

Hidden Layer2

(32)

Figure 3. Multilayer perceptron architecture of breast cancer classifier.
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Mathematical Explanation

Support Vector Machine (SVM) constructs a hyper-
plane in high-dimensional space to separate different
classes, aiming to maximize the margin between them. In
PySpark, the SVM is configured with parameters such as
regParam (regularization parameter) to control overfitting.
The prediction equation is:

Isvm (X) = Weyy. X + bgyy (6)

Here, wgy,, is the weight vector and bgy,, is the bias
term defined in Equation (6).

Decision Tree (DT) is a hierarchical model with nodes
representing features, branches representing decision rules,
and leaves representing outcomes. Key parameters include
maxDepth, which sets the maximum depth of the tree to
prevent overfitting, and maxBins, which determines the
number of bins used for feature splitting. It is intuitive and
easy to interpret. Where, R, represents the regions defined
by the decision tree nodes, and v, is the value assigned to
region R, defined in Equation (7)

Ior(x) = LI, I(x € Ry).v; (7)

Logistic Regression (LR) is used for binary classifica-
tion and models the probability of a class using a logistic
function. In PySpark, parameters such as regParam (reg-
ularization parameter) and maxIter (maximum number of
iterations) control model complexity and convergence.

Pr(x) = o(Wyg.x + byg) (8)

Here, o is the sigmoid function, w, is the weight vector,
and by is the bias term defined in Equation (8).

Logistic Regression for Ensemble (LEF) is the meta-clas-
sifier combines the predictions of the base classifiers into
a single prediction vector and applies logistic regres-
sion to determine the final prediction. In which also, Key

Table 2. Model parameters for classification algorithms

parameters are regParam for regularization and maxIter for
the number of iterations.

}A’final = O-(Wfinal' [ySVM' yDT' yLR] + bfinal) (9)

Wiina and by, are the weights and bias of the meta-clas-
sifier defined in Equation (9).

The proposed Ensemble model uses SVM, DT, and LR
as base classifiers to harness the strengths of each model. By
aggregating their predictions and applying a logistic regres-
sion meta-classifier, the model aims to improve the accu-
racy and robustness of breast cancer classification shown in
Figure 4. Implementing this in Pyspark ensures scalability
and efficiency, leveraging big data processing capabilities to
handle large datasets effectively.

The below Table 2 provides an overview of the param-
eters for each model, including details on specific settings
used for training and predictions.

y_SVM y DT v IR
Meta Classifier (LR)

}

y_Final output

Figure 4. Proposed logistic ensemble fusion architecture.

Model Parameters and Values

Random Forest
labelCol: label seed: 42

Gradient boosting
Factorization machine
OneVsRest

Multilayer perceptron

Proposed Ensemble Fusion Ir: regParam=0.1,

dt: maxDepth=5,
Isvc: regParam=0.1,

numTrees: 10, maxDepth: 2, maxBins: 16, featureSubsetStrategy: “sqrt’, featuresCol: features,

maxlter: 10, maxDepth: 2, featuresCol: features, labelCol: label, seed: 42
factorSize: 2, featuresCol: features, labelCol: label
classifier: LogisticRegression, regParam: 0.1, featuresCol: features, labelCol: label

layers: [num_features, 64, 32, 2], seed: 42, featuresCol: features, labelCol: label

meta_classifier: regParam=0.2, maxIter=100, featuresCol: meta_features, labelCol: label
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RESULTS AND DISCUSSION

To evaluate and compare the performance of six
machine learning algorithms in a distributed computing
environment for breast cancer classification. We employed
the following techniques; Random Forest Recursive
Feature Elimination (RF-RFE) is a technique that uti-
lizes the importance scores provided by a random forest
model to iteratively remove the least important features.
This process continues until the optimal set of features is
identified and Support Vector Machine Recursive Feature
Elimination (SVM-RFE) follows a similar approach but
uses SVM weights to rank and eliminate the least signifi-

cant features.

The performance of each model is assessed based on
several metrics, including accuracy, precision, recall, and
F1-score. Additionally, Table 3 and Table 4 show the num-
ber of spark jobs executed when fitting the model and the
time taken for each model. These metrics provide a com-
prehensive overview of both the predictive power and com-
putational efficiency of the model.

From Table 4, it is evident that the proposed logis-
tic ensemble fusion model achieves the highest accuracy,
reaching an impressive 99.13% accuracy, when using the
SVM-RFE method. Table 5 presents the training and testing
accuracies of various machine learning models using differ-
ent feature selection methods. These results underscore the
effectiveness of SVM-RFE in enhancing model accuracy
compared to RF-RFE.

Table 3. Classification results of ML models using the RE-RFE feature selection method performed on top 18 features

Models Accuracy Precision Recall Flscore Spark Jobs  Time taken
Random forest 96.57% 97.76% 96.70% 96.55% 5 18sec
Gradient boosting 97.35% 97.74% 98.06% 97.35% 23 26sec
Factorization machine 94.58% 98.68% 92.57% 94.63% 50 1min 43sec
OneVsRest 98.17% 97.20% 99.96% 98.16% 30 36sec
Multilayer Perceptron 93.90% 94.35% 93.90% 93.78% 50 3min
Proposed Logistic Ensemble Fusion ~ 99.09% 98.78% 99.78% 99.09% 13 37sec

Table 4. Classification results of ML models using the SVM-RFE feature selection method performed on top 18 features

Models Accuracy Precision Recall F1 score Spark Jobs Time taken
Random Forest 96.26% 97.45% 96.59% 96.27% 5 19sec
Gradient Boosting 97.58% 97.86% 98.27% 97.58% 23 30sec
Factorization machine 95.07% 96.25% 95.86% 95.08% 50 Imin
47sec
OneVsRest 98.37% 97.49% 99.97% 98.36% 30 37sec
Multilayer Perceptron 95.87% 95.99% 95.87% 95.83% 50 2min
80 sec
Proposed Logistic Ensemble Fusion ~ 99.13% 98.71% 99.91% 99.12% 12 38sec
Table 5. Training and testing accuracies of ML models using RF-RFE and SVM-RFE
Models RF-RFE SVM-RFE
Training Testing Training Testing
Random Forest 96.64% 96.55% 96.33% 96.27%
Gradient Boosting 97.42% 97.36% 97.60% 97.59%
Factorization machine 94.59% 94.58% 95.08% 95.07%
OneVsRest 98.17% 98.17% 98.37% 98.37%
Multilayer Perceptron 94.08% 93.90% 96.04% 95.87%
Proposed Logistic Ensemble Fusion 99.12% 99.09% 99.13% 99.13%
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Figure 5. DAG visualization of logistic ensemble fusion
model using SVM-RFE in pyspark.

Confusion Matrix

Confusion Matrix

The Directed Acyclic Graph (DAG) for the logistic
Ensemble Fusion model using SVM-RFE in Pyspark is
shown in Figure 5. Important stages in the DAG include
scanning CSV files, where data is read into the system, and
data union, where multiple data sources are combined.
The WholeStageCodegen stages optimize the execution
by generating efficient code for data processing tasks.
Deserialization transforms raw data into objects for further
processing. The map and mapPartitions stages perform data
transformations in parallel, while the treeAggregate stages
aggregate the results efficiently. This optimized workflow
ensures high performance and scalability in distributed
computing environments.

A confusion matrix summarizes the performance of a
classification model by showing the counts of true posi-
tives(TP), true negatives(TN), false positives(FP), and false
negatives(FN) predictions. Understanding the distribution
of predictions in the matrix using the SVM-RFE feature
selection method shown in Figure 6 helps diagnose model
performance and identify improvement areas.

The ROC (Receiver Operating Characteristic) curve is a
graphical representation of a classifier’s performance, show-
ing the trade-off between true positive rate (sensitivity) and
false positive rate (1-specificity) across various threshold
settings. It provides insights into the model’s ability to dis-
tinguish between positive and negative classes, with the
area under the curve (AUC) indicating overall performance

Confusion Matrix
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Figure 6. Confusion matrix of (a)RF (b)GB (c)FM (d)OvVR (e)MLP (f)proposed logistic ensemble fusion(LEF) models

using SVM-RFE.
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Figure 7. ROC Curve of (a)RF (b)GB (c)FM (d)OvR (e)MLP (f)Proposed Logistic Ensemble Fusion(LEF) models using

SVM-REFE.

shown in Figure 7 and the training and testing accuracies Proposed Logistic Ensemble Fusion model achieves the

of machine learning models, showcasing their performance  highest accuracy at 99.08%.
concerning feature selection methods RF-RFE, SVM-RFE In the performance graph ranking models by accuracy

and highlighting the differences in performance between
the two phases by using without feature selection using

Spark ML shown in Figure 8.

from highest to lowest, while all models demonstrate strong
performance, the Proposed Logistic Ensemble Fusion
model reaches the highest accuracy of 99.13%, showcasing
exceptional predictive capability shown in Figure 10.

In Figure 9 compares the accuracy of various machine The research presents a novel approach to breast can-
learning models without feature selection, showing that the  cer classification by utilizing an ensemble machine learning
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Figure 8. Training and testing accuracies of ML models using (a) RF-RFE (b) SVM-RFE (c) without feature selection.
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Figure 9. Models performances without feature selection.

100.00%
95.00%
98.00%
97.00%
96.00%
95.00%
94.00%
93.00%
92.00%
91.00%

98.17%
97.35% 97.58%

96.57% g95.26% II
Gradient

Random
forest boosting

Accuracy

machine

Models

95.07%
94.58% -

Factorization OneVsRest

99,08%

95,99%

99.09% 99.13%

Proposed
Logistic
Ensemble
Fusion

98.37%

95.87%

93.90%

Multilayer
Perceptron

B RF-RFE W SVM-RFE

Figure 10. Accuracy Comparison of ML Models using RF-RFE and SVM-RFE.

framework within the Apache Spark environment. This
method effectively combines multiple machine learning
algorithms to enhance predictive accuracy and processing
speed, addressing the challenges posed by large medical
datasets. The implementation of this approach demon-
strates a significant improvement in classification per-
formance compared to individual models, aligning with
previous findings that advocate for ensemble methods
in medical diagnosis [7,12]. For instance, our proposed
Logistic Ensemble Fusion approach achieved an impressive
accuracy rate of 99.13%, surpassing many existing meth-
ods in the field. The integration of Spark’s distributed com-
puting capabilities addresses scalability [29] and efficiency

issues prevalent in big data analytics [3]. This approach not
only enhances computational efficiency but also ensures
real-time processing capabilities [8], crucial for clinical set-
tings where timely diagnosis can significantly impact treat-
ment outcomes [31].

Our findings resonate with existing literature that
emphasizes the superiority of ensemble learning techniques
in breast cancer prediction and diagnosis. For instance,
[11,18] highlighted the robustness of ensemble methods in
capturing complex patterns within the data, leading to more
accurate predictions. Similarly, [13] demonstrated that com-
bining multiple models enhances feature extraction and clas-
sification performance, which our study further validates.
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Table 6. Comparison of proposed approach with existing approaches

SI. No Author Technique used Accuracy
1 Albaldawi et al. [3] Random Forest 96.29%
2 Wei et al. [7] SVM-NB 91.11%
3 Rasool et al. [8] Gradient Boosting 96.05%
4 Jabbar [11] BN+RPF 97.42%
5 Sohrabei et al. [19] Support Vector Machine 91.36%
6 Kotha et al. [23] Random Forest 98.07%
7 Jaiswal et al. [27] XGBoost 97.32%
8 Sathiyabhama et al. [34] Decision tree 93.86%
9 Proposed Approach Logistic Ensemble Fusion Model 99.13%

Moreover, our research aligns with studies that have suc-
cessfully utilized big data tools like Apache Spark to manage
and process extensive health data efficiently. [20,34] also
identified the advantages of using Spark for large-scale data
analysis, particularly in terms of speed and scalability. Our
work extends these insights by applying Spark in the con-
text of breast cancer classification, demonstrating its poten-
tial to handle high-dimensional medical data effectively.

Despite the promising results, our study has certain
limitations that need addressing in future research. Firstly,
the dataset used, although large, may not fully represent
the diversity of breast cancer cases encountered in differ-
ent populations. Future studies should incorporate more
diverse datasets to enhance the generalizability of the find-
ings [15,9]. Secondly, while the ensemble approach improves
classification accuracy, it also increases the complexity of
the model, which might pose challenges in interpretability
and clinical implementation [22]. Developing methods to
simplify these models without compromising performance
could be a valuable direction for future research.

The findings of this study have significant implications
for the field of breast cancer diagnosis and treatment. The
demonstrated efficiency and accuracy of the proposed
framework suggest that it can be effectively integrated
into clinical workflows, potentially leading to earlier and
more accurate diagnosis of breast cancer. This, in turn, can
improve patient outcomes by facilitating timely and appro-
priate treatment interventions [5,17]. Furthermore, the
use of big data tools like Apache Spark for real-time data
processing underscores the potential for these technolo-
gies to revolutionize healthcare analytics [16]. By enabling
the analysis of vast amounts of data quickly and accurately,
these tools can support a range of applications, from pre-
dictive analytics to personalized medicine [32] and the
results of our study are directly applicable to real-world
scenarios where distinguishing between benign and malig-
nant tumors is essential. Our approach using PySpark and
machine learning techniques aims to enhance diagnostic
precision and support healthcare professionals in making
informed decisions.

This research makes several key contributions to the sci-
entific literature. It provides empirical evidence supporting
the efficacy of ensemble learning models in breast cancer
classification within a big data context and demonstrates
the practical utility of Apache Spark in enhancing the
processing speed and scalability of ML models in health-
care applications. It highlights the importance of integrat-
ing advanced computational tools in clinical settings to
improve diagnostic accuracy and patient care.

The comparison presented in Table 6 underscores
the superiority of the proposed logistic ensemble fusion
model over existing approaches. The results demonstrate
that the proposed method significantly outperforms other
techniques, establishing it as a state-of-the-art solution in
the field. This highlights the exceptional effectiveness of
the logistic ensemble fusion model in enhancing model
accuracy.

The proposed approach not only integrates multiple
classifiers but also uses a sophisticated ensemble strategy,
combining their strengths and compensating for individ-
ual weakness, resulting in state-of-the-art performance in
breast cancer classification. Implementing the proposed
model in Pyspark ensures that it can handle large datasets
efficiently, a crucial factor for practical applications in big
data environments.

CONCLUSION

The present study introduces a novel approach to
breast cancer classification through the development and
application of a Logistic Ensemble Fusion Model, which
significantly enhances predictive accuracy within a dis-
tributed computing environment. By integrating advanced
machine learning techniques, particularly Support Vector
Machine Recursive Feature Elimination (SVM-RFE) and
Random Forest Recursive Feature Elimination (RF-RFE),
with the power of Apache Spark, our research addresses
the challenges of handling large-scale medical datasets
with high dimensionality. The proposed model, achiev-
ing an impressive accuracy of 99.13% with SVM-RFE,
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outperforms traditional classifiers such as Random Forest,
Gradient Boosting, Factorization Machine, One-vs-Rest,
and Multilayer Perceptron, demonstrating its superiority in
breast cancer diagnosis. The ensemble approach employed
in this study leverages the strengths of multiple classifi-
ers—Support Vector Machine, Decision Tree, and Logistic
Regression—while mitigating their individual weaknesses.
This combination not only enhances model performance
but also ensures robustness and reliability in classifying
breast cancer as benign or malignant. The adoption of
PySpark, a powerful big data processing tool, enables the
efficient management and processing of extensive health-
care datasets, which is crucial for real-time clinical applica-
tions. The Directed Acyclic Graph (DAG) visualization of
the proposed model underscores the efficiency of the work-
flow in a distributed computing environment, highlighting
its scalability and potential for broader application in big
data analytics.

Our findings align with existing literature that advo-
cates for the use of ensemble methods in medical diagnosis,
particularly in complex and high-stakes domains such as
cancer classification. The study also emphasizes the crit-
ical role of feature selection techniques like SVM-RFE in
enhancing the accuracy and interpretability of machine
learning models, further contributing to the field’s under-
standing of feature importance in medical datasets. Despite
the promising results, this research acknowledges certain
limitations, including the need for more diverse datasets to
improve the generalizability of the model across different
populations. Future research should explore the integration
of additional data sources and advanced interpretability
methods to make the ensemble model more transparent
and clinically actionable.
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