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Abstract: Heart attacks are among the most dangerous ailments that people may develop. The key to controlling cardiovascular disease
is to compare, contrast, and mine enormous volumes of data in a sequence that may be used to identify, control, and treat persistent
problems, such as heart attacks. Forecasting, preventing, monitoring, and diagnosing cardiovascular diseases may be done through huge
efficiency via big data analytics, which is well-known in the business sector for its useful application in regulating, comparing, and
supervising enormous datasets. Big data technologies or methods used to mine massive databases for information include Hadoop, data
mining, and visualization. Those fresh ideas, which have a wide range of uses, might be helpful in several industries, include medical. In
this paper, we extend a big data mining pattern using a machine learning method to forecast the frequency of heart attacks from medical
databases. Data preprocessing using the z- score normalization and feature extraction using Linear Discriminant Analysis (LDA) and
classification using the Improved Random Forest (IRF). We generate enhanced presentation intensity with accuracy, precision, recall,
and F- measure throughout the forecast model for heart disease with the IRF.
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1. Introduction

Cardiovascular diseases (CVDs) are common, which may
be ascribed to several things, including lifestyle decisions
such as bad eating habits, inactivity, cigarette use, and
excessive alcohol intake. The development of
cardiovascular illnesses is also significantly influenced by
underlying threat factors such as hypertension (high blood
pressure), high cholesterol, obesity, diabetes, and
hereditary susceptibility [1]. Large amounts of patient data
have accumulated as a consequence of the widespread
deployment of electronic health record systems.
Comprehensive data regarding a person's medical history,
diagnosis, treatments, drugs, test results, and other
information is included in electronic health records
(EHRS). The large-scale analysis of these data may provide
insightful information for community health management,
research, and clinical decision-making [2]. Medical
records, test findings, imaging reports, and research
material are just a few of the many types of patient data
that are constantly being presented to doctors. It might be
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challenging to quickly identify relevant data and extract
insightful information due to the sheer amount of
information [3]. The heart is situated in the chest and leans
to the left somewhat. It is made up of specialised heart
muscle tissue, about the size of a clenched hand. The heart
has a total of four chambers, including two atria (plural:
atrium) in the upper part and a pair of ventricles in the
bottom part [4]. To pump blood, the heart repeatedly
contracts and relaxes. Blood moves through the heart in a
certain order throughout the cardiac cycle. Through the
better and substandard vena cava, blood that has lost its
oxygen enters the right atrium of the body. After there, it
enters the right ventricle, which pumps the blood to the
lungs so that they may get oxygen.

Blood that has been oxygenated by the lungs returns to the
left atrium and is then pushed into the left ventricle. Blood
with oxygen is pumped to the rest of the body via the left
ventricle [5]. A set of illnesses known as cardiomyopathies
damage the heart muscle, causing anatomical and
functional problems. Genetic mutations that are inherited
and impact the structure or function of cardiac muscle cells
are the particular causes of genetic cardiomyopathies. The
capacity to identify people at risk for hereditary
cardiomyopathies has increased thanks to genetic testing
and knowledge, but there is still much to learn about the
underlying processes, gene-environment interactions, and
effective treatment strategies [6]. Clinical reports including
information on symptoms, diagnosis, treatments, and
results may include patterns that may be found through
data mining. Data mining tools may find common patterns
and relationships by examining a vast number of clinical
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reports, which can help in understanding disease
development, the efficacy of treatments, and patient
outcomes [7]. To determine their accuracy and
generalizability, the trained models need to be tested and
reviewed. Cross-validation methods and performance
measurements including accuracy, precision, recall, and
receiver operating characteristic f-measures analysis may
be used to achieve this [8]. Big data mining makes it easier
to get insights from the enormous volume of data by
revealing hidden patterns, correlations, and trends. With
the help of these insights, it will be easier to comprehend
risk factors, identify high-risk groups, estimates the
probability of heart attacks, and provide tailored
preventative and treatment advice [9]. Real-time
surveillance the big data analytics pipeline may take
continuous data streams from wearables, sensors, and
remote monitoring systems. This makes it possible to
monitor patients in real-time, spot problems early, and take
prompt action to stop heart attacks [10] To make certain
data quality and consistency, the process starts with the
collecting and integration of numerous medical records
from different sources. The data is then cleaned,
transformed, and arranged for analysis using data
preparation procedures.

2. Related Work

The study [11] showed that with a substantial population of
training data, it is feasible to forecast the risk of electronic
health records (EHRs) accurately. The variability and
nonlinearity of illness prediction were successfully
addressed in part by sophisticated machine-learning
techniques. Additionally, the EHR data that was amassed
across some periods offered other elements that were
helpful for risk prediction. Our research emphasises how
crucial it is to gather huge data from EHRs to make precise
illness forecasts. The author [12] also looked at whether
using deep learning to simulate sequential relationships
between events in electronic health records (EHRs) will
improve the accuracy of the model in predicting the first
finding of heart failure (HF) in comparison to some of the
more conventional approaches that ignore temporality.
These time-stamped EHRs allowed us to detect when a
patient is being assessed for a diagnosis as well as the
connections between various diagnostic events. The data
demonstrated improved heart failure detection accuracy,
and model performance was assessed using existing deep
learning methods. The article [13] proposes a robust large-
scale distributed computing platform called Apache Spark,
which can be used successfully for streaming data events
rather than machine learning, and is the foundation of an
in-memory real-time heart disease prediction system. Data
storage, visualisation, and streaming processing are the
system's two main parts. The first uses Spark MLIib and
Spark streaming to apply a classification model to data

events to forecast cardiac disease. The study [14] the fluid
depends on methods that are currently in use, such as
Random Forest Bayesian Classification and Logistic
Regression, and it offers medical professionals a decision
support system for identifying and forecasting heart
diseases and heart attacks in people or those using risk
factors for heart disease. The comparison findings show
that the system's accuracy and performance are
satisfactory, with heart disease classification accuracy for
Random Forest being 92.48%, Naive Bayes Classifier
being 61.90%, and Logistic Regression being 59.9%,
respectively. The article [15] set out to provide a critical
assessment of big data's promise and difficulties in both the
early and late phases of translational cardiovascular disease
research. High amounts of naturally heterogeneous EHR
data are starting to change how cardiovascular research
and treatment are conducted. With the use of such huge
data, we may be able to better understand the causes of
diseases, classify them in a way that would facilitate early
translation, and provide meaningful insights to advance
healthcare. The paper [16] discussed the UNRAVEL
research data platform, which is integrated into daily life to
support inherited cardiomyopathies research. Results: So
far, 828 people with a median age of 57 years and a gender
ratio of 58% have been included. 18,565
electrocardiograms, 3619 echocardiograms, information
from more than 20,000 radiographic tests, and 650,000
distinct laboratory tests are all recorded in chronological
order. The study [17] aims to improve the healthcare
framework by using the advantages of big data analytics.
Utilising a variety of analytical methods, an enormous
amount of medical data is processed efficiently to provide
deeper insights into the data. This chapter analyses the
performance of huge data and suggests a new paradigm for
healthcare utilising support vector machines. The research
[18] uses the management of HF may benefit from
emerging technologies like artificial intelligence, big data,
and the Internet of Things. Five machine learning methods
were employed to create classifications to predict HF using
the health information of HF patients: Deep Learning
(DL), Generalized Linear Models (GLM), Naive Base
(NB), Random Forest (RF), and Support Vector Machines
(SVM). The findings show that machine learning
techniques work well for categorising the medical files of
HF patients.

3. Experimental Procedure

The term "Big Data Mining" refers to the use of advanced
data mining methods to examine a huge amount of medical
records and derive insightful information about heart attack
diagnoses. Figure.1 describes the blood arteries that feed
the cardiac muscle with nutrition and oxygen malfunction.
Heart and blood vessel illnesses are referred to as
cardiovascular diseases. To standardise and compare
different heart attack-related characteristics, Z-score
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normalisation may be used with data relevant to the
condition. LDA is a statistical method that may be used to
predict heart attacks from data.

Cardiovascular disease =~ ——— Z-Score Normalization
All features
Linear Discriminant
—

Analysis (LDA) Feature selection

Final Feature

l

Improved Random forest
(IRF)

Fig.1. Overview of Experimental Procedure
3.1. Datasets

Old Dominion University in Virginia has given the eye By
using two distinct sets of data, the proposed model is put to
the test. The diabetes data set that we utilised for this study
was purchased from Kaggle. A website that provides
online datasets for use by data scientists. To use the data
set in our research, this was done. The main objective of
the organisation is to make finding and analysing free data
simpler, which may be accomplished with the aid of
Kaggle. There are 15,000 entries in the diabetic dataset,
and each one contains 8 unique characteristics: maturity,
body fat percentage, prenatal diabetes, glucose levels, high
blood pressure, epidermis thickness, hormones, and an
outcome with a binary value of either 1 or 0. There are two
possible binary outcomes: 1 or 0. The binary result may
have a value of both 1 and 0. The subsequent source was a
previously examined catalog that had HD patients from
Cleveland. It was used in a significant portion of the
machine learning-related literature that was created. Two
types of labels are included in this dataset's class label
attribute: those indicating the presence of heart disease and
those showing its absence. Previously, the class label
property could accept one of four possible values; now, it
only allows the values 0 and 1. If the result is 1, that person
is said to have heart disease; if it is zero, that person is not
said to have heart disease. This part will introduce the
Spark environment and teach us how to do predictive
analysis on datasets using that atmosphere. The CSV file's
contents are then imported into an RDD that is made up
solely of string. We use the map transformation on the
RDD to guide and assess our machine learning model,

which forecasts patient health. This aids in more

effectively organising the data.
3.2. Z-score normalized pre-processing

The procedure of transforming the raw data into a clean
data collection is referred to as data pre-processing. In
contrast, anytime data is collected from various input
characteristics, it is done so in a raw manner that makes
analysis difficult. As a result, certain procedures are
followed to turn the data into a precise dataset. Data pre-
processing is the term used to describe this. The majority
of real-world datasets include missing values, are noisy,
and are inconsistent, which makes processing them further
difficult. Z-score Normalised Data Pre-processing Model is
used in this work without value analysis to get better
outcomes. In our study, the values that are absent in the
database are filled using Z-Score Normalised Data Pre-
processing. Additionally, it is used in databases to
standardise scores on the same scale by dividing score
deviation by regular deviation. This identifies the number
of standard deviations from the mean that the provided
data point corresponds to. The information from patients is
then set up as a patient vector matrix, or PVM, with 'n'
rows and 'm' columns, where 'm' stands for the number of
characteristics and 'n' for the patient count.

011 012 013 01m
pym =% Oz s Oom )
Onl 0n2 0n3 Onm

Equation (1) the first row PVM = 0;1 04,045
denotes the particular data values of the first patient where

‘py;’ represents the value of feature of the patient

(35
1

number ‘1°.

Mean of features (u) =

0.E, + O0E, + O0,E; +-+ 0,E,
Oy + 0.F; + OB 44 OpFn|
0sE, + 0, + O3E; +-+ O0E,
OnEy + O0.E, + O,E; +-+ O,En

The above Equation. (2), the mean of features ‘u’ are first
obtained for each patient. Standard deviation of features

Z}"zl(Ej—#j)
m

(0) = ®)

From the above equation (3) each unique value of
characteristics estimates the entire patient vector matrix's
standard deviation. Following that, each feature's log-
transformed Z-score function is calculated as shown
below.
n(Eji)—In(k;))

Y — Score(LT) = SlinE))

(4)

From the above Equation (4). The Z-score log-transformed
value ¢ — score (LT)’ is obtained
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based on the logarithmic feature. Subsequently, the lower
limit and upper limit of the normalised log-transformed Z-
score function are assessed individually as shown below.
(Y —score)y = (Ksg=#) (5)

g

(Y —score)y = —(XS‘Z_M) (6)
Equation (5) from above the Z-score lower limit ‘(Z —
score) ' is estimated based on the difference ratio of the
lower threshold 'Ks,’, mean of features ‘u’ to the standard
deviation feature value ‘o’. This demonstrates that for
something to have an extent larger than the lower limit, it
must be at least a Z-score lower limit several standard
deviations above the mean.

The above Equation (6), the Z-score upper limit ‘(Z —
score)y ' is estimated based on the difference ratio of the
upper threshold * Xg, mean of features * y * to the standard

deviation feature value ‘o’.

3.3. Eye movement data processing

A LDA decreases the problem's dimensionally and
increases the design classifier's capacity to generalise while
at the same time lowering the number of computing
requirements. A map starting a d-dimensional input space
(K*) to an m-dimension aspect space (K™) through a
transformed matrix T®

D:K' - K™ n<t (7

By linearly translating the participation space to the
productivity space, the LDA accomplishes feature
withdrawal. Both classifiers' building processes are almost
identical, with a few slight variations toward the end. The
entire quantity of practice samples. The definition of the
dimension d within-class covariance square matrix 1, is

V=232, 50 [9), ~ ] [(9), - ] ©®)

Where n; is the denote vector for class i . Data are
classified into the occurrence and occurrence-free areas in
the issue of identifying an incident, which has two classes.
Vp = %(rh —n)(n; —n)® + %(nz —n)(n, —n)?(9)
Where n is the denoted vector of all the data. Finding a
d*m transforming matrix T with the within-class scattering
minimised and the between-category scatter maximised is
the aim of LDA.

mpmy

Vp = (ny —ny)(n, — n1)D (10)

m2

Since V, is a function of only one vector (n, — n,), its rank
is one. And while 1}, has an occupied level, its opposite
exists, and the level of V! V, is also equivalent to
individual. In other words, there is only one nonzero
eigenvalue.

— Vi t(ng—ny)
A= ot ()
The eigenvector is a vector's functionality (n, — n,) only,
needing a single distinguishing characteristic, with the

function used for mapping producing the output vector X
X =A7Y = (n, —n)PY; 'Y 12)

The generic function is represented by equation (12). The
function can be expressed by and does not take into
account the correlation component (V,71).

X =A% = v(n, —ny)PY
(13)

However, categorization with LDA requires inverting the
within-class covariance matrix (V;;), becoming often an ill-
conditioned matrix. The typical LDA accounts for the
covariance component.

Vyk =V + 6] (14)

Where | is a matrix of my identity. The classification
system in this instance is referred to as a regularized LDA.

3.4. Improved Random Forest (IRF)

The IRF is an extension of the traditional Random Forest
algorithm that incorporates variable interaction information
to improve feature selection and classification
performance. Prepare and preprocess your large dataset to
ensure it is suitable for analysis. This may involve steps
such as data cleaning, missing value imputation, feature
scaling, and encoding categorical variables. Working with
big data often requires handling computational limitations.
Sample techniques, such as random sampling can be
applied to create a representative subset of the data for
model training and testing. This can help reduce
computational complexity while still preserving the
general characteristics of the dataset. Utilize distributed
computing frameworks, such as Apache Hadoop, to handle
the large-scale processing of data. These frameworks can
distribute the computation across multiple nodes or
clusters, enabling parallel processing and efficient handling
of big data. Apply the trained IRF model to classify new
instances or make predictions on unseen data points. The
distributed computing framework can be employed to
efficiently process the predictions across the distributed
infrastructure. By leveraging distributed computing
frameworks and suitable sampling techniques, you can
address the computational challenges associated with big
data mining using the Improved Random Forest algorithm.
These approaches allow for scalable processing, enabling
efficient analysis and classification on large volumes of
data.
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4. Results and Discussion

Comparing the suggested methodology to current methods
such as Support Vector Machine (SVM), Long Short Term
Memory (LSTM), Convolutional Neural Network (CNN),
and Improved Random Forest (IRF). We do analysis using
metrics such as Accuracy, Precision, Recall, and F-
measure. Table 1. Compares proportions of all the
parameters that were utilised in this analysis.

Table 1. Numerical outcomes of Proposed and existing

methods
Parameters Accuracy Precision Recall F-
(%) (%) (%) Measures

(%)

SVM [19] 85 72 65 81

LSTM [20] 83 81 73 72

CNN [21] 79 76 85 77

IRF 91 96 90 93
[Proposed]

4.1. Accuracy

By using the big data mining, the performance of Heart
attack diagnosis will be evaluated from the previous
medical records. The proportion of real results
demonstrates how evenly distributed the data is overall.
Equation (15) is used to evaluate accuracy.

TP+TN

Accuracy = ——
y TP+TN+FP+FN

(15)
Where,
True Negative (TN)
True Positive (TP)
False Positive (FP)
False Negative (FN)

100

Accuracy (%)

svM [19] LsTM [20] CNN [21] IRF [Pr:',poseu]

Fig 2: Comparison of Accuracy

Figure.2 reveals the accuracy measurements' equivalent
values. In comparison to currently used approaches
including SVM, LSTM, and CNN, which have accuracy
rates of 85%, 83%, and 79% respectively. The high
accuracy value of 91% of the suggested approach IRF is
impressive. Compared to other techniques, this method
works better.

4.2. Precision

The criterion by which a classifier's accuracy is measured
when its effectiveness is assessed is its precision. The most
essential criterion for accuracy is precision, it is precisely
defined as the proportion of correctly classified cases to all
occurrences of predictively positive data. The precision is
calculated using Equation (16).

. TP
Precision =
TP+FP
(16)
100
80: T
=
= 60
K]
0
8
o
40 -
20
0 - . - .
SVM[19] LSTM [20] CNN [21] IRF [Proposed]

Fig 3: Comparison of Precision

Figure.3 provides the corresponding values of the precision
measures. In contrast to presently used techniques like
SVM, CNN, and LSTM, which have respective
recognition rates of 72%, 76%, and 73%. Impressive is the
high precision value of 96% of the recommended
technique IRF. This approach performs better than other
approaches.

4.3. Recall

A recall is a measure of a model's ability to locate each
higher production within the same set of data. The ratio of
True Positives divided by the sum of True Positives and
False Negatives is how it is quantitatively defined. The
recall is calculated using Equation (17).

TP
TP+FN

Recall =

(17
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Recall (%)

svm 9] LsT™ [20] CNN [21] IRF [Prl;poser.l]

Fig 4: Comparison of Recall

Figure.4 illustrates the comparison information for the
recall metrics. Rates of SVM recall (65%), LSTM recall
(73%), CNN recall (85%), and IRF recall (90%). With a
recall of 90%, the suggested strategy outperformed the
findings presently available.

4.4, F1-Measures

The harmonic mean of the proposed model is computed to
merge "recall and precision” into a single component
called the fl-measures. Equation (6) is used to determine
the f1-measures.

2Xprecision Xrecall

F1 —score = — (18)
precision+recall

100 -

80 -
g

s 60 -
2
<
2

w40 ]

20 -

0 T T T T
SVM[19] L STM [20] CNN [21] IRF [Proposed]

Fig 5: Comparison of F1-Measure

Figure.5 shows the comparative data for the recall metrics.
Recall rates for CNN 77%, SVM 81%, LSTM 72%, and
IRF 93%.The suggested method outperforms current
results with an F1-Measure of 93%.

5. Conclusion

The frequency of heart attack-related fatalities may
perhaps be decreased if cardiac illnesses were detected
earlier in their progression. A clinician may identify the
presence of cardiovascular disease in a patient before the
patient exhibits any indications with the use of a precise

categorization system. The LDA method's major goal is to
foretell cardiac disease. The goal of this study is to
maximize accuracy with 91%, precision with 96%, recall
with 90%, and f-measures with 93%. The suggested
approach, IRF, is made to forecast cardiac disease with the
highest degree of accuracy and speed. Big Data Mining
also provides the chance for ongoing learning and
development in the field of heart attack diagnostics. IRF
may modify and improve their prediction models as more
data is gathered and analyses, which will eventually
improve the precision and efficacy of diagnoses.
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