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Abstract: Readmissions are currently a big problem in the sphere of health care, especially when it comes to Medicare patients. These
may include a lack of appropriate follow-up care, improper patient handling, inadequate control, and multiple issues surrounding
chronic diseases, which are common among elderly patients. The CMS has singled out the challenge of decreasing hospital readmission
rates as an important issue because of the possibility of enhancing clients' lives and reducing health costs. However, conventional
approaches for developing and early detecting readmissions usually fail because of the peculiarities and heterogeneity of patients' data.
The presence of predictive analytics based on Al and ML presents a revolutionary possibility to this issue. At the same time, predictive
analytics utilizes big data and powerful tools of analysis to identify patterns and risks hidden from clinicians' eyes. This article discusses
the potential of Al-driven predictive analytics to reduce hospital readmissions among Medicare patients. It addresses the limitations of
conventional readmission reduction methods and explores how predictive analytics can help identify high-risk patients, allowing for
timely interventions. The research focuses on developing and evaluating Al models, such as Gradient Boosting, to predict readmission

risks and suggests personalized care plans to mitigate these risks.
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1. Introduction

Hospital readmissions, particularly within the Medicare
population, represent a significant challenge for healthcare
systems worldwide. These readmissions are not only costly
but are often preventable with appropriate interventions. The
financial implications are substantial, as hospital
readmissions contribute significantly to the overall costs of
healthcare, straining resources that could be allocated to
other critical areas [1]. More importantly, frequent
readmissions can negatively impact patient outcomes,
leading to diminished quality of life, increased risk of
complications, and, in some cases, higher mortality rates [4].
Despite various efforts and programs designed to reduce
readmission rates, many healthcare providers struggle to
manage this issue effectively. Traditional approaches, which
often rely on generic care plans and broad-spectrum
strategies, fail to address the complexity and variability
inherent in individual patient data. Each patient’s
circumstances, including their medical history, social
determinants of health, and post-discharge care needs, can
significantly influence their likelihood of readmission [5].
This complexity necessitates more sophisticated and
personalized approaches to identifying and managing at-risk
patients. This study is significant as it offers an innovative
approach to reducing hospital readmissions, which is a
critical challenge in healthcare. Leveraging Al and
predictive analytics can potentially improve patient
outcomes and reduce healthcare costs.

1.1 Problem Statement

The readmission rates in the Medicare population have
continued to be very high, even with the enhancement of
numerous interventions to address the problem. Modern
health interventions are not always effective in addressing
the complexity of the factors that lead to readmissions, such
as the presence of chronic diseases or compliance with
medications and other procedures after discharge [6]. These

are some of the reasons why it is evident that there is a need
for out-of-the-box ideas that are not normal. Thus, there is
an increased understanding of the need for a more acute,
practical, and systematic approach to indicate patients who
can potentially be readmitted soon and provide the
appropriate and timely actions that would prevent those
readmissions from happening. This is with regard to the
identification of which patients are most likely to be
readmitted and the reasons why this keeps recurring.

1.2 Purpose of the study

The main purpose of this research is to determine the
feasibility of using Al predictive analytics to decrease
readmissions of Medicare enrollees. The research plan uses
state-of-the-art ML techniques to recognize patients who are
most likely to be readmitted within 30-day windows after
discharge. Once such high-risk patient is identified, the
study aims at designing and implementing appropriate,
timely interventions that would potentially decrease
readmission risks among such patients. Some of the
measures that could be implemented are improved discharge
planning, continuity care, medication, and social services
that would meet the needs of the various patients. By
adopting this approach, the study seeks to present a
strengths-based solution that healthcare providers can use to
improve patient’s conditions and minimize the cost of
readmission.

1.3 Research Questions

To focus on this research, this study is based on the
following research questions: First, it aims to establish the
accuracy of Al-based prediction tools in predicting hospital
readmissions among Medicare patients. This entails the
assessment of a specific rate of accuracy and reliability from
the various machines’ learning as to the pertaining
identification of the most probable patients’ readmission.
Second, the study looks into the effects of personalized
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intercessions that are shaped by the understanding of
predictive analytics on mitigating Medicare readmissions. In
answering these questions, the study seeks to evaluate the
applicability of predictive analytics in a real healthcare
context and its ability to revolutionize the prevention of
hospital readmissions.

1.4. Limitation of the Study

This study will be conducted particularly with the Medicare
population, and the historical patient information will be
used to establish and test the predictive models. The factors
that need to be examined are patients’ characteristics,
medical history, presence of comorbidity, previous
hospitalizations, medication compliance, and socio-
demographic characteristics. Through such analysis, the
study seeks to establish the main readmission predictors and
design an ML model that can predict the patients with the
greatest risk levels. It also contains an assessment of the
efficacy of the suggested interventions, which examines
their effect on readmission rates. However, this study is
based on Medicare patients only. Therefore, the broader
implications of these findings for other populations of
patients and other healthcare settings may also be broader
and more affluent, which can be a valuable source for future
studies of hospital readmission.

2. Literature Review

2.1 Applications of Predictive Analytics in the Field of
Healthcare

Healthcare has become one of the most dynamic fields
where predictive analytics shows potential and future
consequences, leading to better patient care, facilitating
hospital processes, and decreasing expenses. In essence,
predictive analytics is a process that involves the application
of statistical models as well as artificial intelligence tools for
the purpose of approximation of future occurrences based on
past occurrences. The application of healthcare entails using
a myriad of patient data, comprising EHRs, lab results,
imaging studies, and genomics information, to predict all
sorts of outcomes. [7] The use of predictive modeling in
managing healthcare organizations is multifaceted,
emphasizing disease risk models, forecasting patient health,
allocation of resources, and disease prevention models. For
instance, forecasting models have been applied for disease
outbreak early prediction, real-time continuous patient
health state evaluation, and other crucial issues, such as the
distribution of vital resources, including ICU and ventilators.
Hence, the efficiency and effectiveness of predictive
analytics in working through large amounts of data and
identifying latent concomitances have boosted healthcare
facilities’ ability to minimize risks, raise the quality of care,
and reduce costs.

2.2. Predictive Analytics process
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Figure 1: Predictive Analytics Process

The predictive analytics process displays a circle of
processes listing the basic steps to be followed when doing
predictive analytics. This process is critical to providing
insights from big data to make informed decisions that can
be applied to healthcare organizations, financial institutions,
and marketers [8].

Define Project: The first step is within the Define Project
stage, in which the overall goals of the predictive analytics
project are identified. This phase involves defining the
particular concern to be addressed or the decision that has to
be made and supported by predictive analytics. For example,
a healthcare organization can entail articulating the purpose
of predicting readmission risk within the first 30 days after
discharge. The aims and objectives established throughout
this phase define the whole process and guarantee that the
evaluation matches strategic plans at the organizational
level.

Collect Data: The following is the Collect Data stage,
which is the most important stage in any typical predictive
analytics project. Data collection entails identifying data that
would be useful in addressing the problem that was
identified in the first stage. In a healthcare setting, this could
be like patients’ PULSE details, age, gender, former health
data and possibly data outside the clinical setting, like
patients’ social factors. This means that the quality and
extent of the gathered data determine the success of the
predictive models.

Clear and Prepare Data: This is followed by the Clear and
Prepare Data stage once all the data has been acquired. This
is where preprocessing of data occurs or preprocessing data
such as data cleansing, transformation, and data preparation.
Some of the processes that may occur in this stage include
datum imputation, datum deletion, data normalization, and
variable encoding. Here, the target is to generate a clean and
well-formatted dataset that will serve the purpose of analysis
and modeling.
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Build and Test Model: The subsequent step to attain the
objective of the prepared dataset is known as the Build &
Test Model phase. In this stage, models that are used in
machine learning are used to analyze the data for the
purposes of making forecasts. These models are then trained,
tested, and validated using the harvested data. Logistic
regression could be considered, and random forests or
gradient boosting could be considered depending on the type
of problem and the data given. The model's performance is
measured using accuracy, precision, recall, and AUC-ROC
to ensure that the best model is used in the real environment.

Deploy Model: After model development, the process
moves to the Deploy Model, where the selected model is
integrated into the working context. The assessment of the
deployed model is the state at which the model starts to
predict in real-time or in batches if the function borrowed
from software deployment terminology is used. For
example, in a healthcare system, the model might closely
link with the EHRS so that high-risk patients would be
identified for readmission during discharge.

Monitor and Refine Model: The last one is the Monitor
and Refine Model, which is the final or continuous process
of the whole model. Since the model is deployed, it must be
monitored continually to ensure that it is giving the right
results at the right time. This is important because the data
and environment that the model needs to work on can be
different at times, which erodes the performance of the
model. If any problems arise, it may require good tweaking,
more data for training, or it may need to be developed anew.
Such approaches help improve the model and provide as
much helpful information as possible.

The illustration describes a cyclical process of analytic
modeling whereby every phase forms the premise for the
next phase in a spiral-like manner to improve analytic
modeling.

2.3 Difficulties Facing the Reduction of Hospital
Readmission

Nevertheless, the problem of decreasing the readmission rate
remains unsolved despite the more frequent use of business
intelligence applications and predictive analytics. The
peculiarity of this issue is rooted in the fact that many
factors play a role in readmissions. Hence, factors like the
age, gender, and SES of the patient, as well as clinical
characteristics that include the presence of comorbidities,
severity of the first illness, and adequacy of discharge
planning, have been noted to be influential. Besides, social
parameters such as healthcare access, support systems, and
living conditions aggravate readmission prediction and
prevention complexity. The combination of these aspects
makes this process complex and highly volatile most of the
time, which is why conventional modeling and treatment
strategies may be considered insufficient. In addition, there
is no uniformity in the process of acquiring data or the
meaning assigned to it within various healthcare systems;
this results in varied approaches to risk assessment of
readmission. This re-emphasizes the importance of more
accurate and flexible methods, including those based on Al-
associated predictive analysis, as they can work with

instability and dispersion characteristics of the patient
databases.

2.4 Artificial Intelligence in Medicare and Readmission
Reduction

Al has changed a lot of things in the field of health care,
mainly in the Medicare population, such as the analysis of
predictive methods for readmission of patients to hospitals.
Al has advanced in recent years to such an extent that
model-based solutions can take in large data sets and
analyze them with high accuracy and speed. Such Al models
are especially useful in identifying patients who are likely to
be readmitted to the hospital by considering many
parameters like patients’ medical history, therapeutic
compliance, and socio-demographic data. Research has
shown that machine-learning models are superior to well-
established statistical models like Logistic Regression in
predicting the risk of readmissions. This is because the
nature of business systems is complex, and using
sophisticated Al models can capture such complexities, such
as non-linear relationships and interdependencies between
variables, which may be hard to capture by simplistic
models. Further, it can also adapt to new kinds of data as it
arrives, thus serving as a robust tool for dynamic risk
assessment and intervention mapping. Since Al has the
potential to give data updates and recommended actions in
the most efficient time and possibly according to the
patient’s condition, this can reduce the readmission rates for
the Medicare population and improve patients’ lives.

2.5 Existing Predictive Models

In the case of hospital readmissions, several types of models
have been designed and used in the past in an attempt to
offer solutions. These models include basic statistical
models, including the logistic regression models and the
decision trees, and these models can also include advanced
models like the random forests and the support vector
machines. These can also include neural networks. Logistic
regression has been used often because of its simplicity and
because its output is easily understandable by clinicians as to
what factors put a patient at higher risk for readmissions.
However, as the name implies, linear regression has the
drawback of a straight line; hence, it cannot represent any
form of interaction within the variables in the data. At the
same time, decision trees present more options based on
their non-linear interaction and present the decision-making
process in an illustrated form. In the last couple of years,
methods like random forests or gradient boosting have been
used to increase the accuracy of the built model by
composing several decision trees in one. Organizations have
found neural networks and, more specifically, deep learning
models well suited for working with large amounts and
varieties of data. However, they consume more computing
resources and are sometimes less transparent in their
workings. The accuracy of these models tends to increase as
the amount of quality data that is available to feed the
models increases and also depending on some of the
attributes of the patients the models are being used to
predict. Subsequently, no specific model can be considered
the best method for healthcare datasets, and all the
subsequent techniques for choosing the suitable model
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should be based on the requirements of the particular
healthcare context and data that will be in use.

3. Methodology
3.1 Data Collection

The dataset consists of various data points related to the
patients, which also includes data about their age, gender,
and even their ethnicity, which helps in the identification of
risks as per the population being considered. [13,14] The
data also include more comprehensive socio-demographics
and details of the client’s medical history, diagnosis,
treatment, and results. These data elements consist of
historical past information that is crucial to ascertaining the
trends relating to care and outcomes, which may provide a
clue to readmission reality. In addition, the comorbidity data
are available in the dataset because comorbid conditions are
potential predictors of readmission, especially among
polychronic elderly patients. Also recorded is past medical
history, which indicates how a patient has dealt with the
system earlier and whether there is a likelihood of future
complications. Apart from the medical records, the data set
contains social variables, including the amount of social
support that a specific patient can receive, which can
profoundly affect the likelihood of being readmitted and the
recovery process. The success rates of such indexes strongly
reflect the feasibility and stability of the multi-dimensional
dataset that is needed as a premise for constructing various
risk models to help in the early and accurate prediction of
the readmitted patient population.

3.2 Framework for the various sources of healthcare
data

The image represents all the possible sources of healthcare
information to prove the polymorphic and mutual nature of
modern healthcare information systems. In the middle of the
circle, there is the term “Healthcare Data,” which can be
regarded as the basis of all data sources within the healthcare
system used for patient treatment, research, and
management.
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Figure 2: Framework for the various sources of healthcare
data

3.2.1 Central Place of Healthcare Data

Healthcare data is located at the core of this family to
consolidate information from numerous disparate sources.
At the same time, it creates a perspective on the patient's
overall health that might help in making more conscious and
relevant decisions about further treatment. The collected
amount of data is huge and covers almost all aspects of a
patient’s condition and lifestyle, which are all vital for
proper patient management.

3.2.2 Diverse Sources of Healthcare Data

These data sources include the following as a circle around

the central healthcare data repository and provide unique and

important information. These sources include:

e« Genomic Data: This means information acquired
through an assessment of an individual’s genome, that is,
the total genetic makeup of the person. Genomic data is a
general requirement for personalized medicine since it is
the only way the patient’s individual characteristics, such
as genetic makeup, can be considered.

« Mobile Phone Data: Nowadays, people use mobile
phones to provide health information concerning fitness,
diet, and other health indicators using applications. Such
information can help provide instant information on a
patient’s health patterns and the choices made in his/her
daily life, which is critical for the prevention and
management of chronic diseases.

« Wearable Devices: Smart wristbands, watches, and
other smart accessories have now become part of our
everyday wear track, which includes aspects of health,
including heartbeat, physical activity, and even sleep. It
has been established that the information that these
devices produce is helpful in tracking the patients’ daily
health statuses and identifying any early signs of an
ailment.

« Social Media: Although such data is unconventional, it
can prove a lot about patients’ behavior, public health,
and engagement. For example, a discourse analysis of
different topics of concern often posted on social media
or research papers that discuss health can be of
significant help to the public health sector.

o Internet: Any and all information taken from the
Internet by patients can show their education level, self-
treatment, and novel illnesses. This data is helpful in
patient behavior and the efficacy of a digital health
intervention.

« Environmental Data: This also applies to data regarding
aspects of the physical environment that may pose risks
to the patients, such as the quality of air, the quality of
water, and the presence of pollutants. Environmental
information is also important in assessing the extradite
factors affecting health status, especially in chronic
diseases such as asthma or cardiovascular diseases.

« Medical Records: Electronic health records and other
records provide an account of patient clinical
information, including past history, recent diagnoses,
treatment, laboratory tests, and even prescribed
medications. This information is critical in diagnosis,
treatment decision-making, and subsequent patient
management.

« Medical Images: Medical Image Information is used in
diagnosing and evaluating pathological disorders through
X-rays, MRIs, CT scans and the like. Modern imaging
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technologies, which intricately reconstruct the anatomy
and morphology of the human body, are indispensable
tools for diagnosis and treatment planning.

3.2.3 Integration and Utilization

These and other different datasets are integrated into a single
healthcare data repository, ultimately facilitating the
development of a holistic and elaborate view of the patient’s
health. It also enables a higher level of analytics of big data
through such things as predictive modeling and aid to
diagnostics, which can enhance the possibility of
individualized and efficient treatment. Also borrowed from
the preceding section, integrating such data types facilitates
improvement in research, finding new ways of treating
illness, and recognizing trends in public health. Therefore,
the image captures the complexity of modern healthcare data
well and the need to use multiple sources to analyze them.

3.2.4 Data Preprocessing

Before the construction of the predictive models, there was
also the data preprocessing phase, during which the raw data
was cleaned up for the best analytical use. This process was
followed by data cleaning, which involved the use of the
following imputation techniques: mean imputation for
numeric data; this method helped to avoid the elimination of
rows that contained missing data completely, understanding
that the elimination of some data might have a drastic effect
on the study. Outlier detection was also carried out to
determine and eliminate distortive data points that may
affect the model's performance. Recursive feature
elimination was used for feature selection, and it was
ensured that all the features were scaled using data
normalization to make the ranges of continuous input
variables such that no variable dominated the others.
Subsequently, for categorical variables, various procedures,
including but not limited to one-hot encoding, were applied
to transform such variables into a format that was

understandable to machine learning models. The
preprocessing phase included feature selection whereby
potential predictors of early readmission were selected from
several others through correlation analysis and feature
importance. This process was helpful in minimizing the
number of features in the dataset so that the resulting
predictive models could be more effective.

3.3 Model Development

This study analyzed three distinct machine-learning models:
Logistic Regression, Random Forest, and Gradient Boosting.
It was well understood that these models would work in
synergy and that they have been tested and used successfully
in similar predictive applications. The statistical method of
choice was Logistic Regression owing to its ease of analysis,
thus enabling the presentation of relationships between the
independent and dependent variables. However, as the
model is linear, it cannot effectively characterize the
interaction of the variables or their variations. To overcome
this limitation, another ensemble learning method, Random
Forest, which works by building numbers of decision trees
and integrating their results to provide better forecasts, was
also created. This model is especially suitable for cases with
non-linear associations, and it can handle missing values,
making it more resistant than others. The third model chosen
was Gradient Boosting because it was annotated to reduce
error by using multiple models, each of which is corrected
for the mistakes made in previous models; this makes it very
efficient, mainly when the predictor-to-outcome relationship
is intricate. Finally, hyperparameters were tuned using cross-
validation methods for each model, optimizing factors
including the learning rate, the number of trees, and the
depth of trees for better effectiveness. This technique was
quite effective since each model had to undergo a training
phase to produce the best predictions.

Table 1: Key Features Selected for Model Development

Feature Description Type
Age Age of the patient Numeric
Comorbidities Number of comorbid conditions Numeric
Previous Admissions Number of prior hospital admissions Numeric
Medication Compliance Adherence to prescribed medication Categorical
Social Support Level of social support (family, community) | Categorical

The table above presents the developed model features that
were opted to be incorporated into the model to predict
readmissions. It summarizes the critical factors that were
deemed important in influencing readmissions.

3.4 Model Evaluation

The main measures to which models were compared were
accuracy, precision, recall, and the Area under the Receiver
Operating Characteristic Curve (AUC-ROC). Accuracy was
already offering a measure of how often the models were on
the right side of readmissions, and in isolation, it was fine,
but in situations where there were imbalanced datasets such
that one class dominated the other, it was not a good metric.
Precision was especially relevant to quantify how many out
of the modeled positives were high-risk patients; thus, it was
the key measure in evaluating the model. Readmission rate,
or sensitivity, compares a model’s ability to identify the true

number of at-risk readmissions or any other event of interest
from the database. The AUC-ROC was especially relevant
since it offered a holistic index of the models’ discrimination
capacity for readmission and non-readmission patients at
any conceivable threshold classification.

AUC-ROC measured the performance of all the models, and
the results obtained were plotted in the form of AUC-ROC
curves to compare the results at different threshold values.
Furthermore, a confusion matrix was used for the best model
to get a detailed understanding of true positives, true
negatives, false positives, and false negatives to know
whether the model was right or wrong for further
optimization. These evaluations provided the method for
selecting the best model and establishing the foundation for
employing Al interventions in clinical areas while reducing
the readmission rate.
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4. Results and Discussion
4.1 Predictive Model Performance

The outcome of the model development and evaluation
section shows that the Gradient Boosting model performed

consistently better while identifying hospital readmissions
among Medicare patients.

0%

® Logistic Regression
® Random Forest
Gradient Boosting

Precision

Accuracy

Recall
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Figure 3: Graphical Model Performance Metrics

Fig 3 shows that gradient Boosting performed better than the
Logistic Regression and Random Forest models in all the
evaluated measures. These results imply that the enhanced
ensemble learning schema utilized in Gradient Boosting,
where models are taught progressively, estimating the errors
of prior models and fixing them, is well-suited for the
intricate function of readmission prediction.

4.2 Impact of Interventions

It was possible to achieve a positive effect in reducing
readmission rates by using the results of the Gradient
Boosting model to set accurate targeted interventions. The
interventions administered to patients identified by the
predictive model as high risk involved a series of targeted
interventions to the factors that made up the readmission
risk. These included discharge planning that aimed at
making sure patients understood a specific and concrete plan
of care after their discharge, follow-up appointments to
assess the patient’s progress and to detect complications
early in the course of the disease, medication review to
ensure patient compliance and to adjust prescriptions, in
light of any problems detected during the disease process,
increased support from social workers’ home visits or other
community resources to help the patient cope with the
disease in the community.

4.3 Discussion

In light of these results, this study highlights the ability of
predictive analytics to drive change and impact one of
healthcare’s big problems, hospital readmissions within
Medicare, if fueled by powerful algorithms such as Gradient
Boosting. In contrast to conventional approaches that might
use a small number of indicators and quite often do not take
into consideration the relationships of the wvarious risk
factors as they are most likely to be non-linear, machine

learning algorithms can handle large sets of data to identify
intricate connections that are essential when addressing such
issues as readmission.

This applies, in particular, to integrating these Al-based
findings into clinical practice, highlighting further
advancement of patient care. Knowing the patients most
likely to be readmitted can prevent readmission because
healthcare providers can treat the patients most at risk with
appropriate care to ensure they do not get worse. This
enhances the quality of health provision to patients while at
the same time ensuring that the available healthcare
resources are utilized in the most efficient way possible, thus
freeing the burden from the hospital and cutting costs.

The effectiveness of the predictive models should be
regarded as a matter of practicability of the presented kind of
analytics. These targeted interventions prove that if at-risk
patients can be given the necessary care just when they are
at risk for readmission, the chances of that happening can be
prevented. This has implications for healthcare policies and
activities, suggesting that establishing value predictive
analytics and Al solutions in the healthcare system can
deliver significant value regarding clients’ remission rates
and costs.

Therefore, based on the findings, predictive analytics is
effective in the ongoing crusade against hospital
readmissions. With the ongoing transformations of the
healthcare industry and the adoption of new technologies,
most healthcare activities will likely involve the default use
of Al models in personalized, efficient, and effective
practices in the future.
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5. Conclusion
5.1 Summary of Findings

This work confirms the potential of using Al-driven
predictive analytics to fight hospital readmissions,
particularly among Medicare beneficiaries. This study
demonstrates the effectiveness of Al-driven predictive
models, particularly Gradient Boosting, in reducing
Medicare patient readmissions. Healthcare providers can
significantly improve patient care and reduce costs by
implementing personalized interventions based on predictive
insights. These insights suggest that predictive modeling
methods can contribute to patient satisfaction, quality of life
goals, and the responsible and efficient use of healthcare
services going only to the neediest patients. Future research
should focus on expanding these findings to other
populations and integrating real-time patient data.

5.2 Implications for Practice

Therefore, the outcome of this study appears significant for
the future of practice and service deliverance in healthcare
with more focus on patient risk management. It is
recommended that healthcare providers use predictive
analytics as a proactive tool to address patients with poor
health risks, such as patients who are likely to be readmitted
to the hospital. Through the adoption of these models in the
care processes, the organizations’ providers will shift from a
firefighting system — delivering care after a complication has
occurred to a preventive system whereby all extra risks that
may cause complications are prevented and their
permanence prevented. It has the potential to help individual
patients receive more appropriate and early interventions
and decrease healthcare expenditures in the USA by averting
costly and frequently avoidable admissions. It also avers that
as Al and machine learning technology advance, it will be
standard for health facilities to incorporate the technologies
into their systems with a view to enhancing the delivery of
healthcare services in different settings.

5.3 Limitations and Extension of the Study

However, one must note that the study has its limitations,
which should not be overlooked as it gives relatively strong
evidence concerning the possibility and effectiveness of
predictive analytics. Although imperative for the study, this
focus means that the results cannot be fully generalized to
other populations or healthcare settings with different
demographic or socio-economic characteristics.
Furthermore, only historical data were used in the analysis,
meaning that the models reflect the historical realities. In
contrast, the actual present and future patient behavior and
healthcare delivery may differ significantly.

Therefore, Future research should endeavor to overcome
these limitations through predictive analytics in other
populations and contexts. This could include evaluating the
models on a different set of data across diverse regions and
across different age groups, which could be within the
children, adolescents, adults, or the elderly who may either
be well-resourced or have limited resources. Furthermore,
real-time data sources, such as wearable devices or EHRSs,

may be integrated as future work to improve the accuracy
and up-to-date information in predictions. Expanding the
already mentioned research camps and following the
improvements of these models will allow the healthcare
industry to use Al analytical solutions worldwide, thereby
benefiting patient care.
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