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Abstract

The purpose of writing this article is to use machine learning approaches to study
human predicting diseases. After reviewing previous research, this paper separates
the various machine learning algorithms for different diseases based on the quality of
the data and their results. In order to improve healthcare decision-making, machine
learning-based predictive models and the identification of research gaps are also in-
cluded. Various machine learning methods, such as drug response prediction, have
been applied to individualized patient care. For time-series, imaging, genomic, struc-
tured, and unstructured data, the bioinformatics division explains the importance
of data sources. Limitations and difficulties in healthcare forecasting are examined.
Emerging tendencies and future orientations are also concluded.

keywords: machine learning; predicting diseases; healthcare decision-making;
patient care.

Introduction

Everybody in the world is aware of the disorders that are diagnosed on a regular
basis. For the sake of the human race’s well-being, the World Health Organiza-
tion (WHO) of the United Nations establishes Sustainable Development Goals.
In order to rank the nation from riost healthyto least healthy; a number of orga-
nizations take into account the important aspect of different health indicators.
Key characteristics include life expectancy, infant mortality rate, health spend-
ing per capita, access to healthcare, disease prevalence, lifestyle, environmental,
mental health, and social determinants of health. These elements are brought on
by human health problems that could be regarded as essential to overall health
and wellbeing. According to statistics [1] from the social media magazine Visual
Capitalist; the world$ poorest and healthiest nations are ranked in the figure 1.
According to this health ranking, there are many problems in nations like India
and Africa where the welfare of the human race is not given priority. However,
there are a few so-called industrialized countries, like Japan and Singapore, that
continually prioritize health.
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The data type gathered, early disease prediction, patient risk stratification,
etc., utilizing machine learning algorithms are the main topics of this article. In
the field, machine learning algorithms are thought to play the most significant
role in enhancing healthcare decision-making. The operational effectiveness of
Electronic Health Records (EHR) depends on the vast amounts of patient data
generated by healthcare institutions. A subset of artificial intelligence called
machine learning algorithms can recognize patterns in data and forecast out-
comes from intricate datasets. This survey examines the methods, uses, and
difficulties of machine learning (ML) in healthcare predictive analytics.

There are five sections in this study. The inhabitants’ basic awareness of
health and well-being is introduced in the first section. A systematic literature
framework and a review of the literature survey and research gaps are covered
in the second section. Part three provides an explanation of machine learning
techniques. The outcome and debate are covered in the fourth section. Future
directions were concluded in the final section.

Related works & Research gaps

The literature review conducted by current researchers is covered in this part.
They conclude the results and provide an explanation of the approaches used
on the healthcare datasets. The importance of machine learning in healthcare
analytics is examined by the author [2], who focuses on supervised learning
for predictions and unsupervised learning for pattern recognition. Through im-
proved data analysis and prediction, these methods improve clinical decision
support and public health interventions for high-risk populations.

Tulsani et.al. [3] investigates Explainable AI (XAI) in medical imaging,
which improves Al interpretability and improves patient care and diagnostic
accuracy. It draws attention to developments in XAI, moral dilemmas, and dif-
ficulties with black-box AI models. The study addresses issues including data
quality, ethics, and human-AT interaction while discussing interpretable machine
learning approaches, such as deep learning, post hoc methods, and linear mod-
els. Nasr et.al. [4] examines smart healthcare frameworks, focusing on sensor
integration, security, and machine learning in remote monitoring. It emphasizes
modular architectures, real-time response, and cloud integration. Key methods
include smart sensors for health vitals, predictive analytics, activity tracking
with Bluetooth, and blood pressure measurement using regression techniques.

Yulia et.al. [5] explores STD classification using data mining. K-NN achieved
90% accuracy but faced misclassification issues. Future work focuses on opti-
mizing K-NN for better results.Leukemia diagnosis problems, such as data limits
and manual errors [6] are covered. Accuracy is improved via segmentation tech-
niques, deep learning, and machine learning. With an emphasis on patient risk
models and Al problems, Kusuma et.al. [7] investigates the use of big data
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and machine learning in the treatment of cardiac disease. It examines machine
learning methods such as support vector machines (SVMs), decision trees, and
deep learning, with a focus on early diagnosis and data-driven healthcare en-
hancements.

Using blood biomarkers, this study [8] creates an ML pipeline to forecast
COVID-19 mortality. Normalization and KNN imputation were part of the
data preprocessing. Neural networks with XGBoost enhanced feature selection.
After evaluating six machine learning models, the neural network’s accuracy
was 96.53%. Neutrophils, lymphocytes, LDH, hs-CRP, and age are among the
important biomarkers that have been found. Single-source data and omitted co-
morbidity information are among the limitations. In order to balance test cost
and accuracy, Ali et.al. [9] presents a cost-sensitive feature selection method for
CKD diagnosis. Two techniques use the Symmetric Uncertainty and Relief al-
gorithms to maximize feature selection. While lowering expenses, experiments
using a CKD dataset demonstrate accuracy that is comparable to baseline mod-
els. In order to improve feature interactions, future research will concentrate on
improving ensemble ranking. An Enhanced Genetic Algorithm (EAGA) is pro-
posed [10] to optimize feature selection in the categorization of Type 2 diabetes.
With an MLP classifier, EAGA achieves 97.96% accuracy by adapting mutation
and crossover rates using the Pima Indian Diabetes dataset. It performs better
than conventional techniques and holds promise for clinical application as well
as wider disease applications. A deep learning method for COVID-19 identifica-
tion is proposed [11], which uses CGRO for feature selection and ResNet18 for
feature extraction. SVM has the highest accuracy when tested on three datasets
alongside KNN and ELM. CGRO reduced redundancy and enhanced feature se-
lection. Hybrid algorithms and sophisticated architectures are the main topics
of future research.

The knowledge gap identified in the literature review is expressed in the
tabular data [Table 1].

Methodology details

The above study enforces to describe the methodologies used in the work aligned
for healthcare prediction using machine learning.

AdaBoost [20] is an ensemble learning algorithm that boosts weak classifiers
by iteratively adjusting sample weights to improve accuracy. It combines mul-
tiple weak learners, focusing on misclassified cases, and makes final predictions
through weighted voting. Widely used in various domains, it enhances accuracy
but is sensitive to noise and outliers. Particle Swarm Optimization (PSO) [19]
is a nature-inspired algorithm where particles explore a search space, adjusting
positions based on personal and global bests. It balances exploration and ex-
ploitation, making it efficient for optimization tasks in various fields. Federated
learning [17] enables secure, decentralized training of AT models in healthcare by
sharing model updates instead of patient data, ensuring privacy while improving
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Tab. 1: Knowledge gaps findings

References | |

Method used

Challenges

Rana et.al., [12]

WOA

solving high-dimensional and
multimodal problems

Thabtah et.al., [13]

Naive  Bayes,
Logistic Re-
gression

Time consuming, rare autism
datasets

Uddin et.al., [14]

kNN varients

bias towards dependent neigh-
bours, lack of effective distance
calcualtion

Learning, Ex-
plainable Al

Hassan et.al., [15] k-mean, DWT, High-complexity and low preci-
SOM sion

Rastogi et.al., [16] Xception, Limited deep learning model
VGG19 hinders clinical acceptance

Rahman et.al., [17] Federated high cost and time consumption

in cluster computing

(XAI)
Band et.al., [18] CNN, SVM High cost issues affect IoT hard-
ware communication
Singh et.al., [19] PSO, GA, Incomplete test data hinder
Mutual Infor- classification accuracy.
mation
Zhao et.al., [20] SVM, Ad- Noisy EHR Data
aBoost

diagnostics and treatment. Xception improves efficiency by using depthwise sep-
arable convolutions, reducing parameters while maintaining accuracy. VGG, on
the other hand, employs stacked 3x3 convolutions, offering simplicity and strong
feature extraction capabilities, though with higher computational cost. Discrete
Wavelet Transform (DWT) [15] decomposes signals into multi-resolution com-
ponents using wavelet functions, enabling efficient feature extraction and noise
reduction in image and signal processing.

PRISMA Framework

This investigation utilizes the PRISMA framework (Preferred Reporting Item
for Systematic Reviews and Meta-Analyses) [21]. Approximately 52 research
papers have been examined, and a framework has been deliberately designed
with careful consideration of the inclusion and exclusion criteria for the articles.
The initial count of articles stands at approximately 52, with the final selection
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Fig. 2: : PRISMA Framework

resulting in 24, as illustrated in Figure 2.

The fact that a significant portion of the PRISMA framework has been ap-
proved for our study direction indicates that the research survey was carried
out with care. The three PRISMA sections—identification, screening, and in-
clusion—are described. In the framework’s first phase, Identification, 45 records
are selected for consideration, and 7 manual searches are conducted. The same
method is used to identify and discard duplicate records (n = 5). The cumula-
tive record is currently 47 in the second section, Screening. Nearly every minute,
the report was sought for retrieval (n = 42) rather than non-retrieval (n = 5).
Only the eligible records (n = 37) are evaluated; the others (n = 13) are not.
Only (n = 24) papers are included for the review in the final component of the
framework, Inclusion.
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Results and Discussions

Investigations on health predictive analysis have primarily concentrated on var-
ious health concerns. Research conducted by Zhao et. al. [20] and Yuliastuti et.
al. [5] emphasizes the problem of misclassification within the dataset and the
presence of noisy electronic health record data. These studies highlight the sig-
nificance of non-noisy data, suggesting improved classification outcomes. Recent
breakthroughs have resulted in improvements to the genetic algorithm. Mishra
et al. [10] introduced EAGA, which has enhanced the predictive accuracy for
Type 2 Diabetes. A transition from conventional machine learning to advanced
machine learning incorporating feature selection has been noted, resulting in a
97.96% improvement in accuracy through the implementation of mutation and
crossover rates.

In spite of advancements, there are still certain deficiencies. Thabtah et.al.
[13], for example, observes that the findings of the Naive Bayes method were
delayed due to the usage of rare autism datasets. Furthermore, multimodal
challenges have not received much attention. Conflicting results, like those by
Singh et.al. [19] and Rana et.al. [12], indicate that more research is necessary.
Filling up these gaps can improve disease prediction in medical data sets. To
enhance the results, future studies could investigate other optimization strate-
gies using primary datasets. Including algorithms inspired by nature may also
produce better outcomes.
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