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Abstract

In this research, usage of big data analytics in medicine and public health will be examined with the aim of improving
health outcomes and direction of population health plans. Our research is realized by applying diverse machine
learning algorithms. They include Canine Forest and Support Vector Machine (Support Vector Machine) plus K-
Means Clustering and LSTM Networks. We analyze the healthcare data in terms of Electronic Health Records,
Genomic Sequencing, Medical Imaging, Wearable Device Data and Sociology and Demography. The experiments
have good performance, where Random Forest reach an average accuracy of 85% in predictive tasks for diseases,
Support Vector Machine achieved the accuracy rate of 82%, and K-Means Clustering which produced a silhouette
score value of 0. 88 and 80% in health outcome analysis LSTM neural networks demonstrate the same prediction
performances. Evidence from these research indicates that, data based analytics has the potential to build evidence
based decision making, contribute to good patient care and address public health challenges. The findings show
that the effectual resolution of the matter of precision medicine and precision public health depends on thorough

interdisciplinary collaboration and the implementation of the most successful vision.
Keywords: Big data, Machine learning, Precision Medicine, Public health, Healthcare outcomes.

I. INTRODUCTION

Over the last few years, the introduction of the latest data
analytics technology into the medical realm has brought a new
wave of hopes to the people working in this field namely in
improving the medical results and health sector development.
The coming together of medical and public health data sources
is termed as big-data in both medicine and public health. This
concept represents a new paradigm in managing and applying
health-related data for decision support, health improvement
and overcoming certain public health challenges [1]. The basis
of this revolution is the appearance of data of many forms,
volumes, and speeds being generated from multiple sources
like electronic health system, medical imaging, genome
sequencing, wearable devices, and social media. The massive
and diverse studies, which registries accomplished, bring in
unique evidence that was previously unattainable or too
complex to interpret with conventional methods [2]. Precision
medicine is the main value which can be promised in medicine
by big data analysis. Advances that go along with will be a rare
opportunity for therapies. With the use of machine learning
along with predictive analytics, doctors can identify those
patients who are high risk, develop disease progression
prediction and provide custom treatment plans that deliver the
best result. On top of that, big data analytics can supercharge
patient-centered, population health management and public
health surveillance systems. Tracking in real time of the health
indicators, disease outbreaks, and utilization of healthcare can
enable interventions that are long-term and strategies to ensure
equitable access to healthcare [3]. However, together with its
giant potential are there numerous challenges: data privacy,
ethical issues and also those connected with data governance
frameworks development. It will be of utmost importance to
correctly overcome these issues as this is the base on which to
build the benefits of big data as well as ensure patient privacy
and ethics in using this data. The research will cover the diverse
spectrum of big data as used in medicine and public health; it
will focus on applications, challenges, and the promise of big
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data as a health care delivery resource, a policy tool and a
source of data for population health management. We hope to
understand the different methodologies that are being advanced
between different disciplines and how big data can change
healthcare and make changes for the better in patient lives and
health outcomes in public.

II. RELATED WORKS

Over the latest few years, the meeting point of health care, big
data and public health issues have caused the researchers and
practitioners from all over the world to reflect on them
incessantly. This section provides a summary of key studies
from these field, and additional sources comprising literature
are used. Effah and his colleagues showed a threat posed by
Klebsiella pneumoniae to the community health services [16].
Their analysis further underlines the need for Efficient
surveillance and controls over the spread of this pathogen to
lessen antimicrobial resistance. This is also similar to the idea
of Elbehiry et al. [17] in regard to how Pseudomonas species
have resulted in an evolving public health challenge,
emphasizing the need for monitoring antibiotic resistance and
typhoid proteomic guidelines for its solution. The framework
of innovation endorsement and promotion as presented by
Garney et al [18] serves public health purposes. The whole
figure focuses on ways to cultivate the culture of innovation,
maximizing partner synergies and utilizing technology to treat
holistically. The framework helps to provide useful information
to planners and practitioners who aim to make much of the
intervention programmes a success. The Iérci Gonzalez et al.
[20] research study the involvement and satisfaction levels of
the users and can highlight the factors that impact participation
in such the screening services which in turn it influences the
satisfaction with screening programs. Their qualitative
research findings result in the comprehensive data which could
be used for enhancing cancer screening, including design and
delivery of such services by the public health system. Joshi et
al. (2017) did a landscape study of job openings for public



health in India to design an evidence-based public health
curriculum, which should be considered. They revealed that the
public health workforce is very diverse in that it is composed
of members who collectively possess invaluable experience
and expertise. Their study hence emphasized the necessity of
customized training and building solid health capacities as part
of the overall strategy. Kapadia [20] highlights the value of
allocating resources for the development of public health
personnel as part of an approach that will create a robust and
functional public heath system. Thus, his remarks serve merely
as a reminder that continued training, diversification of labor
forces, and development of leaders are the main conditions for
the resolution of problems. Khoury et al. [24] identify the link
between genomics and the challenges posed by big data in
shaping public health models and pointing to the possibilities
of precision public health (PPH). These study findings mark the
crucial role of genomic data in determining sophisticated
interventions, disease control, and ultimately better health
outcomes for the people as a whole. The Knapp et al [25] text
points out the benefits of big data in eye surgery, while utilizing
data from the IRIS Registry Database. Their work aptly
illustrates the importance of data gained from real life for
initiating fact-based decisions that result in better prognostic
outcomes in ophthalmology. Kocot et al. [26] evaluate the
training courses of the European Public Health MSC program
and how it contributes to improving public health education
and capacity development all over the world. Their study
emphasizes the role of international cooperation and transfer of
knowledge as key inputs to increase efficacy of public health
systems and successful battle against global health issues.
Ultimately, their findings cumulatively lead to a better
comprehension of how these domains, data science, and public
health, interrelate. In terms of protecting the public against
emerging infectious diseases, or making healthcare delivery
more effective, and the overall strengthening of health systems,
these studies provide policymakers and healthcare
professionals with scientifically based information, necessary
to support their decision-making process.

III. METHODS AND MATERIALS

Data Collection and Preprocessing:

The research adopted the methodology of multi-source dataset
that involved primary data from EHRs, medical imaging,
genomic sequencing, technological devices, and socio-
economic markers. The EHRs were collected from a number of
healthcare facilities, anonymized and transported into a unified
integrated database [4]. The data for the medical imaging
including MRI and CT scans was collected from the radiology
departments whereas genomic data was retrieved from popular
repositories like the GenBank. Wearable device data were
collected through commercially available wearable devices
worn by the participants, and they were able to measure heart
rate, activity level, sleep cycle and other comprehensive
physiological parameters [5]. Economic, social, social
measures such as income levels, education etc. which were
accessed from census data and health surveys were covered.

Algorithms:
Random Forest:
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Random Forest is an ensemble learning technique that utilises
single decision trees to be combined together so as to boost the
predictive capacity and reduce the overfitting. Each tree of the
decision tree is set up on the features selected randomly from
the data set and the data choosen randomly from the training
data for the training. Outcomes are finally produced by
conjuring the average of all the trees together [6].

“RandomForest(X, Y):

fori=1 to N_trees:
sample_X, sample_Y = bootstrap_sample(X, Y)
tree_i = DecisionTree(sample_X, sample_Y)
forest.append(tree_i)

return forest”

Support Vector Machine (SVM):

Support Vector Machine (SVM) is one of the all-time favorites,
and it can be applied for the categorizing and linear regression
purposes. It works by getting the plane with maximum margins
between the data points of different classes of two kinds that
make the separation [7]. SVM can solve both linear- and non-
linear classifications and they can be done using different types
of kernels, such as linear, polynomial, or radial basis function
(RBF).

f(x)=sign (Y i=1NaiyiK(xi ,x)+b)

“SVM(X, Y):
model = initialize_model()
optimize(model, X, Y)
return model”

K-Means Clustering:

K-means clustering is an unsupervised learning algorithm,
where data points have been partitioned into k clusters. It does
this by repeatedly taking the data points closest to a specific
centroid center and updating the centroids with means using

“KMeans(X, k):
initialize centroids randomly
repeat:
assign each data point to the nearest centroid
update centroids based on the mean of data
points in each cluster
until convergence
return centroids, cluster assignments”

these data points assigned to each group [8].

Long Short-Term Memory (LSTM) Networks:

An LSTM network is a type of neural network architecture that
is one of the RNNs those can learn from patterns in sequential
data across long periods of time. The model is made up of
memory units which are interconnected with themselves
(Recurrent Units) and three gating mechanisms called input
gate, forget gate and output gate [9]. These three gates work
together and control the passage of the information through the
network, keeping the relevant information from being
forgotten.
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ht =otOtanh(Ct)

“LSTM(X):
initialize parameters
for each time step t:
calculate gate outputs
update cell state and hidden state
return final hidden state”

Patient ID | Age | Gender Diagnosis

1 45 Male Hypertension
2 32 Female Diabetes

3 55 Male Cancer

4 68 Female Arthritis

5 40 Male Obesity

This paper contrasts the applications of Random Forest,
Support Vector Machine, K-Means Clustering and Long Short-
Term Memory Networks that will be implemented and
evaluated with their related algorithms [10]. And each elicited
specialized purposes of disease prediction, patient clustering,
and healthcare outcome analysis was accomplished by each
algorithm applying particular to the dataset.

IV. EXPERIMENTS

To assess the impact of the built algorithms in the sphere of big
data in healthcare and public health, the research team
accomplished a series of experiments on the basis of the
accumulated data. The described research hypotheses were
tackled through a number of investigating subjects, including,
but not limited to, prognostication of diseases, grouping of
patients, and evaluation of outcomes in healthcare [11]. The
execution of algorithms on the dataset is a task that has been
carried out. The performance of each algorithm is evaluated
based on the metrics relevant metrics, accuracy, precision,
recall, and F1-score.

Big Data Healthcare Market Size (Sbn)

122
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223
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101
2016 2018 2019 2020 2021
Figure 1: Year Wise Big Data Health Care Estimation from
2016 to 2021
Experiment 1: Disease Prediction - with Random Forest
and SVM algorithms.
This experiment featured the use of two algorithms, namely
Random Forest and Support Vector Machine (SVM), to predict
the occurrence of chronic diseases (a) diabetes, hypertension,
and cancer in particular based on the information concerning

the patient's demographics, health history, and possible genetic
markersc [12]. We figured a 80-to-20 set split for the train and
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test kept us focused on using 10-fold cross validation to train
the model on the training set and evaluate it on the testing set.
The output revealed that the accuracy and the performance of
Random Forest algorithm was 85%, the precision was 83%, the
recall was 87% and the F1-score was 85% for all three diseases.
MNSYV also evaluated well with an average accuracy of 82%
precision of 80% recall of 84% and F1 —score of 82%. Along
with both computer algorithms demonstrated high precision
performance, Random Forest helped to outperform SVM in
terms of accuracy and F1-score.

Random Forest Performance

Metric Experiment 1 | Related Work

Accuracy 85% 82%

Precision 83% 80%

Recall 87% 85%

Fl-score 85% 83%
Experiment 2: Patient Clustering using K-Means
Clustering

In this experiment, we used K-Means algorithm for patient
clustering purpose where the -clusters featured patient
demographic characteristics, medical history, and lifestyle
factors. Before clustering, the numerical features were
normalized as well as encoded categorical variables and the K-
Means Clustering model was applied to identify clusters of
similar patients.
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Figure 2: Big data in healthcare: management, analysis
Analysis of results showed that there was community of
patients that had unique features. By way of illustration, I found
in Cluster 1 was mainly composed of older patients with
chronic conditions like hypertension and diabetes, while in
Cluster 2 had relatively similar lifestyles as younger people
[13]. Through clustering analysis we dug-out interesting
associations between patient population and groups where it
was possible to design focused interventions for specific
subgroups of patients [14].

Support Vector Machine Performance

Metric Experiment 1 | Related Work
Accuracy 82% 78%
Precision 80% 76%
Recall 84% 80%
Fl-score 82% 78%

Experiment 3: Healthcare Outcome Analysis using LSTM
Networks



For this test, LSTM models were utilized for the study of

healthcare results, e.g., the readmission rate to hospitals and the

treatment response pattern [27]. In the aim of that, the dataset

was preprocessed to sequence patient encounters and LSTM

networks were trained to predict patients’ outcomes based on

sequential EHR data. Testing of the models demonstrated the

good performance of LSTMs in prediction of health outcomes

with the readmission prediction and treatment response

prediction accuracy estimated at 80% and 75% respectively

[28]. While the model was able to create temporal

dependencies in EHR data and detect signals predictive of

negative health outcomes, more comprehensive data collection

and improved prediction accuracy remains an important goal to
be achieved [29].
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Figure 3: Benefits and challenges of using Big Data in
healthcare

Comparison with Related Work:

In order to bridge the gap between what our experiments found
and other studies, the same things were compared from Big
Data in medicine and public health [30]. Table 1 presents the
results of the performance metrics of the algorithms in this
study that were used as the research standard as reported in
previous publications.
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Figure 4: Big Data Helping in the Development of healthcare

V. CONCLUSION

To sum up, this article has drawn an outline of the revolutionary
nature of big data in medicine and public health that have
provided much in the way of applications, problems, and
implications for the delivery of healthcare and the management
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of population health. We show that the same conventional
machine learning algorithms e.g. Random Forests, Support
Vector Machine, K-Means Clustering and Long Short-Term
Memories are applicable to achieve precision predictions,
patient cluster analysis, and health care outcome analytics
through experimental investigations using Big Data
framework. Our findings are nothing more but a proof that,
diverse sources of healthcare data, including electronic health
records, genomic sequences, medical imaging, and wearable
device data, that we use in our desire to make informed and
evidence based decisions to better manage our patients’ health.
Also, our research related to the present work depicts the
importance and priority of our work in solving primary health
issues such as antimicrobial resistance, infectious disease
surveillance, and the advancement of the healthcare workforce.
Going forward, we thus need to roll on with research efforts
towards the development of new methodologies and the
creation of teams for such in order to utilize fully the potential
that big data has to offer for development in the health sector.
This can be achieved by identifying best practices and insights
from data science, genomics, and the practice of public health.
The end in sight is precision medicine and precision public
health, which are intervention programs geared towards
individual or population-specific characteristics as opposed to
the ‘one size fits all’ model. This will contribute to the overall
improved health outcomes and wellbeing of all.
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