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1. Introduction

Growing trends in preventive and personalized healthcare initiatives used in recent
times highlight the relevance and timeliness of these emerging fields. Databases and
atlases, which promote personalized nutrition and proactivity against future diseases
based on genetic makeup or lifestyles, are gaining momentum. This is important
because numerous diseases require early detection and timely treatment. Yet, traditional
preventive measures assessed during annual health checkups alone consider an
individual's current state and prior medical record. Thus, new windows and
methodologies must be designed if enhanced personalization, system outreach, and

management are to be ensured in the provision of healthcare.

The use of cutting-edge artificial intelligence and related techniques that are data-
intensive is essential. Machine learning specifically focuses on improving a facilitated
expert system or a typical clinical decision support mechanism that often suffers from
contemporary challenges and methods. The accuracy and extendibility of expert system
etiopathogenesis need to be improved because this requires development from the
ground up regarding beliefs and knowledge instead of just simplifying the
epidemiological connection with dependability. In addition, daily clinical
implementations are also needed for seamless incorporation into any follow-up studies.
Altruistic methodology or substantial input data is required, and multifaceted
integrated theory components of artificial intelligence are needed to be aggregated in
managing any time complexity of problems and neural networks, thereby representing
to the readers a logical way of future enrichment of newly organized literature. In this
chapter, we focus our study on two systematic artificial intelligence approaches:

personalized healthcare with a neural network and other deep machine learning

Journal of Computational Intelligence and Robotics
Volume 5 Issue 2
Semi Annual Edition | Jul - Dec, 2025
This work is licensed under CC BY-NC-SA 4.0.


https://thesciencebrigade.com/jcir/?utm_source=ArticleHeader&utm_medium=PDF
https://thesciencebrigade.com/jcir/?utm_source=ArticleHeader&utm_medium=PDF

Journal of Computational Intelligence and Robotics
The Science Brigade Publishers

strategies. In preventive healthcare, the tremendous potential these techniques have for
offering customized treatment strategies, developing early diagnosis, and identifying
high-risk groups is emphasized. In the recent literature in numerous disease areas such
as lifestyle-related, oxidative stress-related, and genetic-related dysfunctions, we have
chiefly identified fragmented multilayer multi-tasked learning frameworks in treating
brain diseases and rehabilitation. The chapter also highlights the recognized problems,
properly set paradigms, and different application welfare scenarios with well-structured

information representing these system components.

1.1. Background and Significance

History of preventive healthcare practices: Preventive healthcare has been in practice for
centuries, starting with measures such as quarantine for the prevention of infectious
diseases and body-cleansing methods using purgatives for the prevention of various
diseases. Later, genetic defects and lifestyle choices were considered in preventive
strategies for several inherited conditions. Gradually, vaccines and chemotherapeutic
agents have been utilized to prevent diseases. Variable preventive healthcare practices
have been in use for specific categories of diseases such as chemotherapy for early-stage
cancers, vaccination for specific infectious diseases, traditional medicine, cardiovascular
risk reduction therapy, etc. Finally, vaccination has been well acknowledged for the

prevention of infectious diseases before exposure.

The need for a change and the role of technology: Preventive medicine is a growing
field, and gradually personalized medicine has been revolutionizing healthcare. Data
demonstrate that a significant portion of healthcare dollars are being spent on chronic
diseases, such as heart disease, which have been utilized in management or the end
stage of these diseases. By including technology, some of the complications might be
prevented. Many patients could not visit healthcare providers due to healthcare costs.
Later, the number started declining, especially with the opening of healthcare options.
The federal government survey after setting essential health care benefits gave better
preventive healthcare coverage, and now the penalties for violations of helmet laws in
states have been introduced. A significant percentage of people think the health risks are
getting worse for themselves. With the advent of electronic medical records, big data,
extensive databases for gene barcoding, and improved biospecimens, advanced

analytical methods will significantly improve the quality and efficiency of personalized
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medicine and eventually bring our sole interest in healthcare. Results from big data in
healthcare and preventive medicine may accelerate the discovery of knowledge across
diseases despite the high heterogeneity. Therefore, the new direction and trend are very
clear among the healthcare community and scientists alike. A significant portion of
healthcare data have been covered by smartphones. Overdoses from opioids have
increased concern among certain demographics. Additionally, a portion of Americans
may have vision-eroding eye diseases. Vision loss and blindness may not have a cure,
but their onset may be prevented with a new breakthrough. Matters of prevention:

Investing in prevention creates long-term benefits.

1.2. Research Objectives

The levels of healthcare expenditure are continuing to rise in many parts of the world.
One of the fundamental reasons behind rising healthcare costs is the treatment of
diseases at advanced stages. Personalized preventive healthcare strategies aim at
screening individuals according to their disease risks, and these strategies have the
potential to both improve the efficacy of healthcare efforts and control expenditure on
healthcare. Recent advances in machine learning and artificial intelligence can be used to
predict the risks of suffering from diseases in the future for individual persons. If an
individual is at high risk of a disease, they can be regularly screened so that emerging
disease symptoms can be detected at an early stage when treatment is easier. Despite the
potential of true personalized healthcare strategies, there are many challenges and
barriers in implementing them in real-world settings. One major problem is the lack of

expert agreement on the methods of assessing the accuracy of machine learning models.

The objectives of this study are to review the recent literature on applying machine
learning models for personalized preventive healthcare, describe the standard measures
of predictive accuracy used in clinical prediction models and describe receiver operating
characteristic curves, describe the area under the curve and false positive rates in the
context of the prevention of chronic diseases, and apply different machine learning
models for the prediction of developing T2DM in a large and nationally representative
longitudinal cohort of individuals. We performed a narrative review of recent relevant
literature on using machine learning models for developing personalized preventive
predictive models. We aimed to identify main themes in the reported studies and the

types of machine learning models used for predictive risk modeling. The use of machine
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learning and Al is becoming more and more important in identifying health trajectories
of individuals. We intended to contribute to the ongoing discussions in the association
with which we have begun to highlight the technical programs, including some of the
machine learning tutorials. We will continue to use this resource to encourage the

development of machine learning applications in personalized and precision health.

2. Fundamentals of Machine Learning in Healthcare

Machine learning has strong potential in solving various problems in healthcare,
including enhancing decision-making, streamlining diagnosis, personalized treatment
planning, and predicting medical events or patient outcomes. Feature engineering
techniques are utilized by algorithms to detect unwanted parts and then report them as
well. Unsupervised algorithms are used for cleaning the premises of the healthcare unit.
Data such as patient volumes and areas where community health centers and specific
kinds of clinics can be helped are obtained. The algorithms can predict patients who are
suffering from diabetes and the need for such screening tools known to these people.
The help provided in surveillance data and lab-identified urinary tract infection data can
also be achieved by these pattern-based algorithms. Different types of machine learning
can help tackle different challenges in healthcare. Machine learning algorithms are able
to predict outcomes in stroke from symptoms. If the right method is chosen, then the

actual informatics could be implemented.

Machine learning can be used to streamline healthcare services as chronic diseases
increase day by day. The number of emergency visits can be reduced by machine
learning algorithms. Machine learning has the power to quantify functional MRI and
enable early diagnosis of autism spectrum disorder for preschoolers. The study of
machine learning on MRI scans and behavioral records is performed. There are different
types of ML, including supervised learning. In supervised learning, some of the
characteristic features of the input vectors are to be predicted by the regressor; the
output values obtained are higher when the function is constant. The diagnosis of breast
cancer takes place. Binary classification patients are used for the diagnosis of breast
cancers. Classification is a type of supervised learning, which can also be extended to the
multi-class classification problem, in which the object of interest is classified into
different categories rather than labeled into a different class. The algorithms take the

input and predict the real-valued response. Federal and state planners are used as they
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can develop a patient-centered medical home and a program for financing with
healthcare reform. In wellness and genetic tests, the diagnosis and treatment for various
individual patients are achieved by ML algorithms assisting medical researchers. Al

applications offer fresh diagnostic methodology.

2.1. Basic Concepts and Terminology

Supervised learning: A class of models where we have a dataset of input/output pairs
and we aim to train a system to predict the output when given a new input sample.
Unsupervised learning: A class of models where we have a dataset with input samples
only. Here the task is to discover some hidden structure in order to find patterns or
represent the data in a compact manner. For instance, grouping patients with similar
health conditions might result in more efficient health records and personalized
medicine. Deep learning: This is a subfield of machine learning where we use neural
networks to perform tasks we are not able to describe in any more classical way.
Essentially, deep learning can be applied to unsupervised learning or to problems for
which it is hard to manually design a good representation of the inputs, such as object
recognition or image generation. In all of these approaches, a common trait is the
importance of having enough data. This is essential as models can only work with
information they have “seen” before. A successful approach in healthcare, where
collecting high-quality data is a great concern, is to leverage and combine models that
have been trained on the huge amount of “unlabeled” data freely available.
Nevertheless, to have further improvements, it is important to collect new data linked to
the specific phenomenon we are interested in, such as human behavior. Models or
“algorithms” are mathematical equations that dictate the system’s behavior according to
the chosen software, defining what the model will learn and how it will be learned.
Thus, algorithm choice and the computational power we can exploit dictate what the
model can learn and at which granularity. For example, a decision tree will learn how to
classify someone as healthy or sick based on previous information, such as symptoms

and demographic data.

2.2. Applications in Preventive Healthcare
Preventive healthcare, as compared to traditional interventions typically administered
only at the onset of symptoms or the identification of a disease, aims to identify

populations at increased risk of disease via predictive modeling. Once at-risk
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populations are identified and risk factors recognized, interventions can be implemented
to offset this risk. This approach also leverages personalized longitudinal patient data to
continuously identify changes in a patient in real-time, track deviations from a
predefined expected pathway, and detect any warranted intervention. The implication is
that patient care and outcomes can be improved through the early identification of
deviation or onset of disease before adverse events occur. An array of machine learning
models is employed across this workflow of risk assessment, monitoring, and outcome

prediction.

Several personalized healthcare applications have been demonstrated that aim to
minimize health events for individuals or a population at large. Most frequently cited
are data-driven applications that utilize collective previous patient health data to better
inform individual patient risk, deriving data-driven trends that outperform commonly
used risk equations that utilize only high-level patient characteristics. In addition to
some of the above, algorithmic applications can be focused on predicting the future
progression of a patient, such as the diagnosis or likelihood of disease, opening the
opportunity for early intervention and non-linear predictions in patient data. The
application of machine learning also allows the development of tailored interventions
relevant to an individual’s risk. Population-level tools can be used to develop
personalized interventions with the intention of predicting an individual’s response to
changes in lifestyle, nutrition, and/or pharmaceuticals. It has been suggested that
weighting the overall effect of these groups of interventions based on their impact in

analogous patients can improve the precision of personalized risk assessment.

3. Data Collection and Preprocessing

Data Collection and Preprocessing

In healthcare, data collection and preprocessing are the primary steps in addressing
predictive population-based healthcare services under personalization. The quality of
the data is essential for obtaining correct insights and predictions in creating machine
learning models. Various healthcare data may be chosen for the purpose, such as
electronic health records, wearables, regional statistics, socio-economic information, or
even products. Electronic health records and wearables data are the most commonly

utilized sources.
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Data Acquisition: To build machine learning models for personalized healthcare, careful
and appropriate acquisition of the data is necessary. For instance, wearables acquisitions
can be influenced by different parts of the population as the subpopulations wear them
for varied time spans, i.e., elderly, adult, or children can wear them. Not only does data
acquisition impose a bias on the model, but also incorrect inferences and the accuracy of

the predictive model.

Data Cleaning: The raw healthcare data can be disordered. Besides, the raw data usually
cannot be used to directly feed any learning algorithms or generate any statistical
insights. The collected raw data needs to be changed into a form that algorithms or
systems can make use of to discover hidden patterns. Some typical issues, from the point
of healthcare data, related to data cleaning can be missing value handling, noise
detection, and treatment of discrepant or inconsistent values. Missing/Skewed Values:
Missing or incomplete values are common in healthcare data. There exist techniques to
overcome the prevalence of missing values, including imputation and elimination
techniques to tackle different types and extents of missingness. Sufficiently accounted
handling of missing data enhances the quality of the models and the longevity of the
imputed data.

3.1. Sources of Healthcare Data

The broad range of healthcare data available for machine learning applications may be
grouped into the following categories: clinical data, including electronic health or
medical records, medical imaging, laboratory findings, biomaterial-derived "-omics"
data, and personal genome sequences; data on individual lifestyles, habits, health
behaviors, and psychological states that are typically obtained by direct querying or
patient questionnaires; sensor-derived proxy data on activities of daily living and vital
signs taken from the same cohort; exposure-case control data that map aspects of
residence, occupation, diet and nutrition, and previous medical history specific to
certain types of health outcomes or diseases; comprehensive public health databases that
capture social, lifestyle, neighborhood, environment, and place-based factors, as well as
educational, legal, health-seeking, access, and treatment effect and long-term outcome
parameters related to a given individual's ailments and health status; and a variety of

high-throughput methods for discovering new molecular diagnostics and therapeutics.

Journal of Computational Intelligence and Robotics
Volume 5 Issue 2
Semi Annual Edition | Jul - Dec, 2025
This work is licensed under CC BY-NC-SA 4.0.

15


https://thesciencebrigade.com/jcir/?utm_source=ArticleHeader&utm_medium=PDF
https://thesciencebrigade.com/jcir/?utm_source=ArticleHeader&utm_medium=PDF

Journal of Computational Intelligence and Robotics
The Science Brigade Publishers

With the steady increase in wearable sensor technologies, telemedicine and telehealth
offerings, it is now possible to design large-scale population-based clinical trials and
cohort studies with the purpose of addressing the key features of the healthcare data
landscape. Individuals and patients are increasingly becoming "quantified-selfers" and
patients in the hype and adoption of digital interactions in smartphone applications,
social media, and over-the-counter wearables for day-to-day self-checking, even alert
detection, and social networking with other similarly concerned individuals. The
integration of these diverse data streams results in the creation of individual digital
identity files that can provide comprehensive profiling of an individual's health. Ethical
considerations are involved in data privacy, the permission and consent to use such

data, and aggregating and globally anonymizing these data for analysis.

3.2. Data Cleaning and Transformation

Data cleaning and transformation play a critical role in any data analysis. The raw data
may not be ready for use due to several issues such as missing values, outliers, and
inconsistent data formats. Missing data in a dataset is common due to various reasons,
such as unavailability of information or failure to record. Missing values can be empty
cells, blank spaces, or some default placeholders to represent missing values in data.
Handling missing data is an essential preprocessing step as it may impact model
evaluation. A model built on incomplete data may not give accurate predictions or
responses. The preprocessing steps such as transformation, mining, or statistics may also
become biased due to logical decisions made to treat such missing data. To handle
missing data, the user has several options available. Options may include leaving out
the feature altogether, imputation, or filling in the missing data by replacing them with

statistical measures such as mean, median, mode, or zero.

Data may not always be in a format that is directly usable by machine learning
algorithms. To prepare data for model training, the data must be transformed. To fit the
given machine learning model, the values for the independent feature vectors need to be
scaled down. This preprocessing step is called normalizing or feature scaling and is
required for models such as neural networks. This may also include dimensionality
reduction in the dataset. Feature scaling or normalization can be performed by using
either min-max scaling, z-score scaling, or robust scaling. To get the optimal scaling

method, the suitable measures of center and spread should be checked, explaining the
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contents of the feature vector as the final step. It is to be noted that in forming the
desired feature vector, one needs to check if the data has any missing values or requires
transformation. Data preprocessing does not involve a one-time step; it is an iterative
task that may need to be repeated several times in the lifecycle of data analysis to clean
and refine the data. Data cleaning and transformation do not only enhance the model’s
accuracy but also ensure that predicted values or responses are reliable and
reproducible, contributing significantly to building machine learning algorithms. Data
cleaning is also considered one of the prerequisites for satisfying the machine learning

criteria.

4. Machine Learning Algorithms for Predictive Modeling

Pioneering research in preventive healthcare makes use of machine learning for
developing predictive models. Different types of algorithms can be explored in the
context of predictive modeling. We can classify machine learning algorithms into two
main types: i) supervised learning and ii) unsupervised learning. In supervised learning
approaches, the predictive task to be performed on healthcare data is tag-based, i.e., the
machine has to learn the model for a predicted outcome based on a set of inputs to
predict the expected outputs. Here, when unseen test data is presented to the machine, it
adapts itself to predict the expected outputs for such unseen cases based on the
knowledge it has learned during the training phase based on tagged examples.
Examples of classic machine learning algorithms are k-Nearest Neighbors, Support
Vector Machines, Decision Trees, Random Forests, Gradient Boosting Machines, and
Artificial Neural Networks.

On the contrary, unsupervised learning does not have any prior tagged examples in the
training data. Instead, it has to learn the data to identify entities and subsequently
perform the required analytics. Data clustering is one good example of unsupervised
machine learning algorithms used in different tasks. In the above context, choosing the
right machine learning algorithm based on the specific identifying or forecasting tasks is
crucial to develop advanced machine learning models. The nature, extent, and scope of
data used in machine learning algorithms can significantly impact the outcomes. If
artificial intelligence is used to predict recurrent admissions of patients with high risk,
then we may be able to proactively intervene to avoid such admissions, which in turn

can help in personalizing care and decrease the overall cost of healthcare. In the end,
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different models developed through machine learning cannot act as a clinical decision
support system but could be used in conjunction with guidelines to support clinical

decision-making.

4.1. Supervised Learning Algorithms

Supervised learning techniques have been traditionally adopted for predictive modeling
for a wide range of reasons. In this approach, the collected data is split into predictors
and outcomes. The aim is to find a rule to describe the relationship between the inputs
and the outcomes. Several supervised learning algorithms exist, which can be employed
based on the suitability of the specific characteristics of data, such as preprocessing,
cleaning, and aggregating data before model building. For instance, decision trees do a
good job with nonlinear data, while linear regression is better used for continuous
variables. Neural networks are usually employed when a large number of features and
interactions are expected. Moreover, a linear regression model is used to predict HbAlc

in patients.

A commonly studied application of supervised learning techniques in healthcare is to
predict the risks of patients for diseases and critical events such as sepsis. This can be
used to determine if a patient should be admitted to an intensive care unit. A variety of
different algorithms have been used to develop these models, with varying levels of
success. They typically require a large amount of labeled data to train and validate their
models. Training and validating these models with high-quality, labeled data provides a
rule by which a patient is classified as likely or unlikely to need preventative care. The
real-world performance of these algorithms is determined by the resources available for
labeling a new environmentally based temporal dataset, as well as internal resources to
synthesize data to external standards. Moreover, K-NN has previously been used to
predict patients' risk in preventive measures. Algorithms like decision trees and KNN
are more prone to overfitting; cross-validation is a technique often used to reduce this

occurrence.

Problems such as sepsis risk prediction and risk of ICU admission due to severe sepsis
generalize to a preventive measure. Thus, given that we have assumed that the ground
truth used in training or validation is accurate, the approaches successfully used to
identify a patient that will deteriorate can be turned around in order to help identify

patients that are at high risk for deteriorating if action is not taken. Logistic regression is
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used in their model; however, it does not match a standard logistic regression model

classification and instead uses the model for regressing raw values.

4.2. Unsupervised Learning Algorithms

Machine learning is widely used in healthcare to extract useful insights from intricate
patient data. Unsupervised learning algorithms play a key role in solving numerous
problems related to healthcare data. Clustering has been a widely used technique to
identify the hidden patterns in the data where the class labels of the data points are not
known, used to identify the different types and groups of patients. Association rule
mining is used to discover interesting patterns between attributes in large data sets. It
plays an essential role in doing market basket analysis where data contains information
on the purchases of people. For healthcare data, it can be used to find a relationship
between whether a patient will develop heart disease if he or she is diabetic and a
smoker. Identifying one such interesting rule will help in better health policies.
Techniques that can analyze data without any predefined output are well-suited for the
healthcare domain where well-defined outputs are not available. Unsupervised learning
techniques are often used to explore the hidden structure within data. They could be
used to explore if a chronic disease has several subgroups, or if several chronic diseases
carry a common epidemiologic factor. For example, agglomerative hierarchical
clustering was applied to a large-scale patient record database to discover distinct
patterns of chronic diseases, to categorize patients into subtypes of multimorbidity, and
to conclude that the common epidemiologic factor can exacerbate the caregiver burden.
A well-known unsupervised learning algorithm for hypothesis generation is the one-
class support vector machine. However, a major challenge of unsupervised learning is
the interpretability of the results because the methods often generate hidden structures
and clusters that need to be interpreted based on domain knowledge. Furthermore, this

approach requires the investigator to review them and assess their relevance.

5. Implementing AI Models in Personalized Preventive Healthcare

As the focus of the current research is leveraging Al for personalized preventive
healthcare, it is essential to delve into the implementation of AI models specifically
designed to cater to this healthcare subfield. In the traditional clinical model for AI
development, the lifecycle spans the conception of an idea to its clinical application

through several deterministic steps such as data collection, model training, validation,
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and clinical trials. Once the final Al model is established, it needs to be incorporated into
an appropriate system. This implementation stage is often overlooked during the initial
model building, and since the technology to bridge the synthesis with the
implementation is missing, several bottlenecks to personalization prevail, including
technological, infrastructural, and organizational challenges. There are several
additional challenges that are paramount for the implementation of AI models in
healthcare, including ethical aspects concerning the potential for bias, transparency, and
consent of the patient; and programs and processes aimed at ensuring strong
understanding and communication between healthcare professionals and their patients
to enhance trust in Al applications for improved decision-making. As evident through
recent successful case studies, secure implementation of AI in healthcare has the
potential to yield coherent and more accurate results, the integration of multimodality
data, the creation of shared databases across patients, and most importantly, the
combination of Al capabilities with approaches that are already in place for personalized

healthcare.

5.1. Challenges and Ethical Considerations

As with every high-impact technology, the use of Al in healthcare poses a number of
challenges and ethical considerations. Given that healthcare data is highly sensitive and
personal, issues around data privacy proliferate discussions, with substantial room for
unwanted or unexpected implications of AI. Moreover, healthcare Al systems are not
immune to creating biases or can be deployed and used in biased manners. The opacity
of Al decision-making obfuscates how such bias is created and mitigated, a significant
ethical concern, particularly when dealing with vulnerable or marginalized
communities. To address these and other concerns, it is fundamental to include all
stakeholders involved in the development, use, and regulation of AI in healthcare
systems. Finally, given the current radical evolutionary process of Al, there is a clear and
present need to develop robust regulatory and governance systems to protect the rights

of data subjects and ensure that their use does not contravene social and ethical norms.

Ethical principles can provide guidance on the deployment and use of Al in healthcare.
Specifically, the importance of fairness and ensuring equity within healthcare systems
has been stressed. It is argued that Al systems can be designed to support health-related

research, decision-making processes, or organizational activities as long as the use of a
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private individual’s data is done in a manner that ensures privacy preservation. Several
ethical and advisable points should be considered when designing, building, or
deploying AI and associated practices and tools within the healthcare field. Stakeholder
engagement has been viewed as essential for ensuring the safe and responsible
deployment of Al in healthcare. It has been argued that public trust can be increased by
establishing clear mechanisms and processes for public dialogue. Building public trust
in Al has also been considered essential to stimulate the growth and development of
valuable AI systems. To encourage public trust, there have been recent proposals for

best practices to develop and deploy Al in a responsible and ethical manner.

5.2. Case Studies and Success Stories

In this sub-section, we present some case studies to illustrate machine learning
approaches for enhancing preventative or personalized healthcare. We begin with a
selection of cutting-edge works that have received greater media attention and notice
from academia and industry. Briefly, we argue their efficacy based on their positive
outcomes and discuss the involved challenges. Then, we examine a number of best

practices and lessons learned from them.

Case Study 1: Personalized Prevention of Stroke

Case Study 2: Preventing Vision Loss

Case Study 3: Personalizing Breast Cancer Treatments

Case Study 4: Early Detection of Diabetes and Cardiovascular Disease
Case Study 5: Reducing the Risk of Alzheimer’s Disease

Success Story: Rapid Global Deployment of Models

Challenges included the potential for model deterioration over time because of shifts in
healthcare. Emergency room admissions plummeted and adverse outcomes were
higher. Fortunately, we had enough data on emergencies to retrain the models and new
models so they remained accurate. Additionally, Al-enabled care access in underserved
areas where staff resources were particularly stretched. Internist-IQ Pro and ER-Inn
produced operational efficiencies for customers, ruling out normal chest radiographs

and wrist x-rays faster than before. These digital health assistants raise the bar in
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operationalizing Al in practice because they extend Al to the end of the decision-making

processes, thereby guaranteeing its use.

6. Future Direction

Many emerging trends and technologies are expected to shape the future healthcare
landscape. Gene editing and next-generation genomics are likely to become a
cornerstone in both medical research and healthcare. Intergovernmental support in the
deployment of telehealth is expected to increase the availability of practical services
pertaining to 'anytime, anywhere,' such as automated care management, scientific
communities, virtual agents, and personal assistants. Subfields previously unassociated

with Al are showing significant advancements using machine learning,.

Future methods in healthcare will push the applicability frontiers of machine learning,
with a heightened emphasis on interpretability and ethical AL The use of these systems
will concern the general public. Integration with other fields in healthcare is to be
anticipated as areas such as genomics continue to advance at a rapid pace. Advancement
in best practices and the establishment of pertinent regulation is required with respect to
the global use of Al for preventative healthcare. The creation of consistent, responsible
electronic healthcare record systems and the provision of tailored training to healthcare
professionals are necessary infrastructure updates. Cross-stakeholder collaborative
efforts are essential to ensure that the best performing models are successfully deployed
and that healthcare quality scores are improved to an extent that they justify the effort

and resources necessary to develop them.

Al is increasingly being used in healthcare and medicine. It is anticipated that AI could
be used in aids for performing medical diagnostics. Al use in predictive modeling
includes the onset of diseases and classifying patient populations for predictive
modeling and preventive care to reduce the prevalence of diseases. Ensuring predictive
models fit the intended application space is a key trick in optimizing Al in preventive
healthcare. More research is needed to have a more accurate view of where machine

learning is providing promising results.

7. Conclusion
Investigations into using machine learning approaches in preventive care are clearly

paving the pathway for transforming healthcare. Transformative progress can be
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anticipated in the development of advanced decision support systems to empower
healthcare professionals to intervene in a more personalized manner and thereby
improve their patient’s health at the earliest. Similarly, interventions can also be tailored
as required by the preventive care strategy. Growth in this rapidly advancing
technology will substantially improve scientific and medical research. In fact,
technological growth will facilitate solving of basic anatomical problems in many
preventive healthcare strategies, such as those regarding target population identification
and the health status of subjects. This technological advancement has also initiated
advances in healthcare technology, so that we can determine the physiological
parameters at an early stage and in a more personalized manner, which may lead to

implementing appropriate interventions.

The limitation of this approach was that members in the healthcare team face multiple
challenges, as devices and technology are increasingly advanced and extensively
analyzed. It is also very important that the ethics of preventive care and development in
our society are taken into consideration. Further, obstacles to which strategy is best will
arise. People can also reject this technological paradigm shift in medicine. In fact,
subjects may refuse their personal data to be utilized. Overall progress relies primarily
on sector partners, several government entities, insurance and drug businesses, in order
to promote research and to incorporate it continuously across societies. This could also
serve as a way to pioneer methods for the development of the worldwide economy.
Without a doubt, this is at the cutting edge of technology and similar to technology as it
also takes data-driven approaches. The MRI approach reduces or eliminates MRI signals

translated into an image.

Journal of Computational Intelligence and Robotics
Volume 5 Issue 2
Semi Annual Edition | Jul - Dec, 2025
This work is licensed under CC BY-NC-SA 4.0.

23


https://thesciencebrigade.com/jcir/?utm_source=ArticleHeader&utm_medium=PDF
https://thesciencebrigade.com/jcir/?utm_source=ArticleHeader&utm_medium=PDF

	Risk Stratification and Lifestyle Modification Personalisation: Machine Learning Approaches to Enhanced Preventive Healthcare Delivery
	1. Introduction
	1.1. Background and Significance
	1.2. Research Objectives

	2. Fundamentals of Machine Learning in Healthcare
	2.1. Basic Concepts and Terminology
	2.2. Applications in Preventive Healthcare

	3. Data Collection and Preprocessing
	3.1. Sources of Healthcare Data
	3.2. Data Cleaning and Transformation

	4. Machine Learning Algorithms for Predictive Modeling
	4.1. Supervised Learning Algorithms
	4.2. Unsupervised Learning Algorithms

	5. Implementing AI Models in Personalized Preventive Healthcare
	5.1. Challenges and Ethical Considerations
	5.2. Case Studies and Success Stories

	6. Future Direction
	7. Conclusion


