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Abstract: There is a rapidly growing elderly population that calls for significant pressure on health systems such as Medicare, which
caters to the elderly population in millions. This is because as people age and their life spans expand, they are most likely to suffer from
chronic diseases, including heart diseases, diabetes, and Alzheimer’s diseases, hence requiring more medical attention and services and
high costs. General healthcare approaches, treatment plans, and different measures to deal with the challenges mentioned above have
been observed to be inoperative in caring for the increasing elderly patient population. For this reason, Machine Learning (ML) brings
a revolutionary solution by leveraging vast amounts of health - related data to make future health forecasts, develop individual
treatment programs, and, most significantly, cut expenses. Because of the ability of algorithms to find correlations in patient
information about the patient, ML is capable of early diagnosis of diseases patients who are likely to be hospitalized and anticipate
possible precautions. For this reason, this article looks at some significant ML approaches, like decision trees, random forests, and
neural networks, which have been successfully employed in healthcare prediction. Using factors such as demographic, clinical, and
historical data, these models are predictive in that they can predict the health outcomes of Medicare to enhance the management of its
resources better and afford more preventive measures. For instance, the readmission of patients to hospitals can be predicted by an ML
model, which can help healthcare providers use preventive measures to ensure savings on unnecessary costs. Given the results of this
research, it could be stated that the application of ML in the proper way can help not only predict changes in the health of elderly
people but also provide an individual approach to providing necessary treatment that would result in the improvement of patient’s
conditions and, therefore, stability of Medicare. Because of this, it can be considered a modern approach in healthcare management,

especially when looking into the increasing elderly population.
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1. Introduction
1.1 Medicare and the Aging Society

Medicare, the health insurance program funded by the U. S.
federal government, aims at people aged 65 or above or
people with specific disability or diseases. Due to the
enhanced life span, the world's population is growing older,
and the baby boomers are demanding Medicare more than
ever before. This evokes a higher number of hospital
admissions, increased rates of chronic disease presence, and
an increasing demand for continuing care. A burden is
placed on Medicare since people within this category are
more likely to need the help of healthcare services than the
youthful population. [1 - 3] Added to this is the fact that the
aging population is a global phenomenon, and according to
the United Nations estimates, by the year 2050, there will be
more than sixteen percent of people aged 65 years and above
in the world. Just to mention some of the challenges this
aging population creates within healthcare around the globe:
healthcare costs, shortage of healthcare human resources,
and the calling for individualized healthcare models.

The current Medicare model, which mainly has a reactive
approach to health issues, is thus aligned with various
challenges in managing the increased demand. Thus, as
people live longer and are struggling with chronic diseases
such as cardiovascular diseases, diabetes, Alzheimer’s, and
other age - related diseases, traditional healthcare
approaches are insufficient. Health facilities are struggling to
cope with the increasing number of elderly patients besides
the challenge of dealing with more than one chronic disease
per patient. For this reason, the health sector's management
and delivery of care require a transition from the traditional

acute curative model to the wellness model of disease
control. Now, this is where technological innovations such
as Machine Learning (ML) come as a powerful tool that can
point to fresh approaches on how to address the elderly’s
demands in a way that will keep Medicare viable in the long
run.

1.2 The Role of Machine Learning in Healthcare

Machine Learning (ML), which is a branch of artificial
intelligence (Al), has revolutionized various fields by trying
to find certain patterns and patterns from a given large data
set and make those decisions independently without any
interference from human beings. The use of ML in
healthcare is a tool that is slowly leading to a shift from a
‘one size fits all’ approach to a ‘one size fits you’ paradigm.
From patients' medical records, lab results, and imaging, ML
can forecast individual patient outcomes, IHD risk factors,
and the effective use of resources to manage better chronic
diseases affecting the elderly. [4, 5] As for Medicare, the
application of ML is possible because it allows making
predictions regarding health tendencies both at the
population level and at the level of specific clients. ML
algorithms can predict the probability of the elderly patient
developing a specific chronic condition by considering
his/her medical history, genetics, and lifestyle choices. By
the same token, besides primary diagnosis, ML models can
identify which patients have the higher chances of being
readmitted to the hospital. Hence, appropriate management
can be provided as early as possible. In the case of chronic
diseases such as diabetes, heart disease, and dementia, early
signs of disease advancement are likely to be detected by
ML, and prompt changes to treatment regimens are
recommended. In addition, billions of data points can be
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analyzed to improve the distribution of Medicare funds
tactfully and help healthcare professionals focus on
providing treatments and services that could prevent
complications or hospitalizations that can significantly raise
the expenditure.

Owing to the rapid evolution of EHRs and wearable health
devices, the pool of healthcare information is expanding
rapidly. ML can assimilate all these variables to provide
better patient care plans based on the personalized health
status of the patient. Therefore, this paper aims to show how
efficient utilization of the ML models in healthcare big data
can be used to forecast health outcomes in the aging society.
This paper looks at how these predictions can assist the
Medicare system in improving the already existing ways of
providing better and cheaper elderly health care and revolve
around augmenting the health status and financial stability of
the medical system for the elderly.

2. Literature Review
2.1 Healthcare Predictive Analytics

This has made healthcare predictive analytics necessary for
study and implementation, especially in treating chronic
diseases. When it comes to health, the idea of evaluating the
current state by looking to the past is enlightening healthcare
with brand - new approaches. [6 - 10] Prior studies have
shown that using the ML models is a very accurate method
of predicting patient status, including factors like
readmission, fall risks, and development of diseases like
diabetes, Alzheimer’s, heart diseases, etc. Such forecasts
help reduce a provider’s reactive approach to patient care,
which often tends to treat symptoms rather than prevent
them.

For instance, using extensive data, one can better estimate
the number of patients likely to be readmitted to the hospital
after undergoing surgery or any treatment. Using age,
medical history, and current general health state, the ML
models can predict the probability of a complication or an
aggravation of the disease. This can help healthcare
providers intervene and be proactive by, for instance,
providing follow - up care or closely observing patients who
are at risk of being readmitted, increasing the rate of patient
satisfaction. Likewise, using ML models, the risk of falls can
be predicted in elderly patients due to mobility and medical
conditions like osteoporosis; this will help to put strategies
such as PT or change of environment to prevent the risks of
falls.

Also, in light of this, predictive analytics have been found to
have benefits, especially in the case of chronic diseases,
which are prevalent in older people. For instance, ML
applications can picture how a patient’s chronic disease will
evolve by studying the patient’s health information over
time, such as vital signs, laboratory tests, and treatment
outcomes. It allows for individualized management of
patients and care programs that can be changed dynamically
with reference to patients’ data, which is especially valuable
in the case of chronic diseases like diabetes or hypertension.
These predictive predictions are very useful for Medicare as
they help to increase the quality of the patient’s care and, at

the same time, decrease the general cost of the clients by
decreasing the hospital readmission rates as well as the rates
of complications.

2.2 Machine Learning Models in Geriatric Care

Specifically, implementing Machine Learning in geriatrics
has been quite effective since patients of this age group often
exhibit multiple healthcare complications. Decision trees,
SVM, and deep learning network models that involve
training data sets to point out certain trends or forecasts
related to the elderly population have been widely
employed. These models use a host of data, such as basic
demographic data, medical history, and even lifestyle data,
to give clinicians meaningful decision - making data. For
example, ML models are used to diagnose and describe the
course of Alzheimer's disease based on the patient’s age,
family history, data from cognitive tests, and MRI scans.
This is because the onset of this disease can be diagnosed
early in its progress stage, thus affording the patient time to
be attended to before the disease progresses further and
reducing the patient's life quality. Deep learning algorithms
are among the most successful ML applied in fields like
radiology, where they assist in deciphering early symptoms
of a patient’s cognitive impairment from MRI scans that are
not noticeable by the traditional naked eye.

Likewise, the cardiovascular risk models have been fitted by
applying ML to each patient’s risk of a heart attack, stroke,
or other cardiovascular event. These models consider data
concerning parameters such as blood pressure, cholesterol
levels, lifestyles, and drugs in use, thus making them more
effective in estimating cardiovascular risk than conventional
approaches. This makes it possible for healthcare providers
to prescribe preventive measures applicable to high - risk
individuals, such as changes in their diet or taking certain
drugs.

For some time, it has also been used to predict treatment
outcomes for elderly patients who are unique in how they
will react to certain medications. With patient data,
including genetic makeup and prior treatment response, the
capability of using ML exists to optimize patients’ treatment
to get the best outcome with minimal side effects. These
predictive models could be helpful for Medicare because the
quality of care for elderly patients could be increased while
minimizing hidden facilitated patients with unnecessary
treatments and/or hospitalizations.

2.3 Business problems associated with the application of
ML in Health care

As we have seen, there is a lot of potential for Machine
Learning in healthcare, but several obstacles need to be
overcome. Another major issue worth mentioning here is
data privacy and protection. Due to the elements of
confidentiality, privacy, and security surrounding healthcare
data, the incorporation of ML entails the collection of
massive amounts of patient data. Making sure that this data
is safely stored and handled to prevent a breach of the
guidelines standard such as the Health Insurance Portability
and Accountability Act (HIPAA) is essential. Furthermore,
adopting Digital Health Records DHRs and wearable
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devices introduces further privacy challenges since the two
technologies amass copious amounts of personal health
information. The third problem concerns the possibility of
bias in ML algorithms. Machine learning algorithms that are
trained using biased data sets result in the algorithms having
biased outcomes for specific categories of users. For
instance, if the data used to train an ML model does not
represent certain racial or ethnic groups, the outcomes of the
trained model will not be accurate for those groups. This is
regrettable, especially in the care of the elderly, because the
elderly cannot be grouped in one basket due to different
health needs and the risk potentials that come with different
demography. Hence, these models must be trained using low
- bias datasets so that their outputs are not prejudiced.

Another important topic that is related to healthcare ML
applications is interpretability. Many current ML models,
especially DL models, are typically described as ‘black
boxes’ in that patients and care providers do not understand
how the model makes decisions. Logical understanding must
establish itself when a clinician wants to understand why an
algorithm has made a certain prediction or recommendation,
for instance, regarding healthcare treatment or surgery.
There is still a lack of highly interpretable ML models or the
tools to interpret its predictions, which is an active field of
study.

Last of all, utilizing ML models in routine healthcare
environments is still a significant technological and
implementational issue. Although many experimental ML
models deliver good outcomes in controlled studies,
implementing such models in real - world healthcare
systems involves synchronization with EHR and current
clinical processes. There are always challenges that
healthcare providers go through to adopt new technologies,
and to work such technologies into the decision - making
process, as seen with ML, requires advancement in
technology as well as organizational training. In the case of
Medicare, the introduction of ML solutions into their setting
will be pivotal in enabling their infrastructure to support
these predictive models so as to help elderly patients.

Overall, the role of ML in healthcare predictive analytics
and geriatric care is promising. However, obstacles like data
privacy issues, algorithm bias, model interpretability, and
real - time integration must be solved. These challenges
must be addressed to achieve the proper and righteous
utilization of ML in Medicare and other related systems that
could facilitate enhanced care for the aging populace.

3. Methodology
3.1 Data Collection

The dataset for this study is drawn from Medicare patients
who are 65 years and above, as will be discussed. Therefore,
this dataset is useful for creating and developing ML models
to predict trends and health forecasts. Hence, to maintain
patient identity and confidentiality and willing compliance
with ethical standards, the source health records applied in
the study were stripped of their individual patients’
identifiers. [11 - 15] The data set contains 10000 records for
individuals and contains all the details about the

demographic profile, clinical history, treatment history, and
finally, outcome. The major fields of interest of the dataset
include various chronic diseases to which senior people are
more prone; these include diabetes, heart disease, and
Alzheimer’s disease. Fields captured in each record include
patient age, gender, medical history, current treatments, lab
results, and follow - up results. By targeting these particular
conditions, the study seeks to determine how well the
various ML models work in estimating disease severity,
treatment response, and patients’ prognosis while offering
valuable information about how Medicare can more
effectively address the healthcare requirements of the elderly
population.

The choice of these conditions was deliberate because they
form part of the major and expensive diseases affecting the
elderly across the world. For example, heart diseases are the
major Killer of people aged 65 years and above, and many
individuals  suffer from  Alzheimer's and  other
neurodegenerative diseases with long - term care
implications. As a result, the ML models derived from this
study can provide numerous patterns for predicting medical
conditions and improving healthcare services for many
elderly patients regardless of their medical conditions,
complete with insights that would help Medicare design its
policies and allocate its resources.

3.2 Machine Learning Models

In the given application setting, four popular algorithms
were considered for comparing the predictive capability of
different ML techniques. Each of these models brings
unique strengths to healthcare predictive analytics, making
them suitable for various types of predictions: Each of these
models brings unique strengths to healthcare predictive
analytics, making them suitable for various types of
predictions:

Decision Trees were beneficial for their use in assessment
since they enable patient assessment based on disease risk
indicators. This model type functions by branching the data
set and aids in making assumptions about the factors that
impact certain health effects. Decision trees are helpful
when, in the decision process, it is necessary to point out
certain risk factors, including age and pressure, cholesterol
level, or other factors that raise the risk of developing a
disease, for instance, heart disease or diabetes.

To increase the predictive accuracy, the concept of Random
Forests, which is an ensemble learning method comprising a
number of decision trees, was put to use. Random forest is
achieved by combining several decision tree productions to
offer a more precise and accurate result. It is ideal for
dealing with large files where relationships between
variables are complicated because it is likely to generate
accurate estimates in various patient populations and disease
states.

To predict the likelihood of patient health indicators and
guarantee risky results, including readmission to the hospital
and disease progression, SVMs were used for binary
classification as to whether a patient fell into the high - risk
or low - risk group. These include problems where there
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exists a clear distinction of patients in different categories;
SVMs are suitable for classifying data points with different
classes.

Neural Networks were applied for a more substantial
prognosis, including approximations of the longer - term
further development of illness or prognosis of treatment
outcomes’ rates. As they permit nonlinear mapping and have
a high capacity to learn from extensive data, neural networks
are suitable for detecting subtle patterns in health data, such
as Alzheimer’s disease progression from brain scans and
neuropsychological assessment. Neural networks are also
good at handling interaction between variables and,
therefore, best suited to handle medical data with many
variables collected over large data sets.

Both the models were trained on the same data set, and
while setting the hyperparameters, we made certain changes
to obtain the best results. Hence, the goal of the study was to
evaluate the performance of several algorithms in
forecasting health outcomes of Medicare patients and
determine the optimum algorithm for particular degrees of
healthcare undertakings, for instance, prediction of disease
prognosis for Medicare patients, their readmission to
hospital, and probability of success of the treatment as
foreseen.

3.3 Predictive Modeling Process in Healthcare

Predictive Modeling Process in Healthcare

2 »

Data Analysis

‘I Incorporate the
Model into Your

3 Process

Data Gathering
and Cleaning

Building a
Predictive
Model

Figure 1: Predictive Modeling Process in Healthcare

The image labeled ‘Predictive Modeling process in
Healthcare’ visualizes four major steps that come into play
when using artificial intelligence in healthcare predictions.
[16] Each step is illustrated in a numbered fashion,
indicating the procedures that need to be followed in
developing prediction models that could be used in clinical
workflow and patent management.

Data Gathering and Cleaning: Gathering basic information
from various sources in the healthcare system, including
patients’ records, demographic data, and outcomes. It also
entails a data - washing process, which involves clearing out
noises, missing values, or any other unrequired information
from the data. This is an important first step because good,
clean data needs to be prepared a lot to build solid and
accurate predictive models.

Data Analysis: The second step, followed by cleaning the
raw data, is analyzing the data present in the dataset. In
healthcare, this may involve the detection of patterns,
correlations, relationships, or casual effects between various

factors such as patient demographics, expected treatment
procedures or interventions, and health outcomes. Also, the
findings obtained during this process are useful in feature
screening and advisory regarding the architecture of
predictive models.

Building a Predictive Model: The third step consists of
constructing the predictive model, which is done by
employing machine learning algorithms. Thus, in the
framework of health care services, these models, such as a
decision tree, random forest, neural network, or support
vector machine, might be used for outcomes such as disease
progression, potential hospital readmission, and the
probabilities of successful treatment outcomes This step is
important to create an effective model that is capable of
learning from past occurrences and actually predicting future
occurrences.

Incorporating the Model into the Process: The final step of
the process includes implementing the developed model in
the health care system. This entails using the predictive
model to make new predictions when presented with new
patient conditions and thus facilitate healthcare providers’
use of the predictions. For instance, using this model, one
could discover those patients at a higher risk that should be
checked regularly or determine how the treatment should be
modified based on the forecasted outcomes.

3.4 Evaluation Metrics

Several suitability measures that are frequently employed in
healthcare predictive analytics were used in this study to
measure the performance of each machine learning model.
These metrics provide a comprehensive view of the models'
performance: These metrics provide a comprehensive view
of the models' performance:

Accuracy is the average percent figure of the total correct
classification of samples by the model. A risk score is the
most straightforward and the most frequently used measure,
though it tends to contradict the ideas of ‘precision’ in
healthcare in terms of rare event prediction, such as disease
development or readmission.

TP/FP indicates the accuracy of positive prognosis by means
of determining the percentage of true positives found among
all positive predictions made by the accuracy of the
Precision model. This metric is especially relevant in cases
related to healthcare since negative predictions may be false,
meaning the algorithm might predict that a patient will
develop a certain disease when they actually won’t, which
only causes the patient to stress or use resources on a
procedure that is unnecessary in the end.

Recall, or sensitivity, measures how well the model correctly
identifies the entire actual positive or those patients who are
at risk of developing a particular health outcome. High recall
is particularly desirable in organizations such as healthcare
since failure to identify high - risk individuals can result in
poor health or the loss of optimal time to intervene.

Techniques like F1 - Score are another preferable measure
since they hold both false positiveness and false
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negativeness in a single figure. F1 Score is most useful in
healthcare clinical predictive models where both precision
and recall are important, such as in the case of readmissions
or disease progression.

Thus, the study evaluated each of the models based on these
metrics to determine which of the ML algorithms is best
suited to perform the healthcare task. Alternatively, the final
model selection was based on its predictive accuracy and
precision and ability to recall similar instances from the
model depending on the specific need of the analyst or
decision maker at a certain point in time.

3.5. Workflow of Machine
Predicting Health Trends

Learning Model for

| Data Collection ‘

| Data Preprocessing ‘

Model Selection ‘

Model Evaluation ‘

Model Deployment ‘

y

Figure 2: Workflow of Machine Learning Model for
Predicting Health Trends

The machine learning workflow used in this study is
systematic to predict health trends in Medicare patients,
particularly the elderly. Basically, the described workflow
can be represented by the flowchart, which outlines all
important stages of the given methodology, beginning with
the data gathering and ending with the model
implementation. [17 - 20] All these phases are vital in order
to arrive at the final machine learning models, which are
effective in producing insights of relevance to healthcare for
the elderly.

3.5.1. Data Collection

The first methodology includes obtaining data on patients
that satisfy specific attributes — the patient records should
not be attributed to individuals’ names; the patients should
be Medicare beneficiaries, and their age should be 65 years
and older. These records include patient details like age and
gender, diseases like diabetes, cardiovascular diseases,
Alzheimer’s, treatment paradigm, course of action, and the
results of the treatments. One of the crucial points in the
creation of predictive models is obtaining high - quality and,
at the same time, exhaustive datasets. The dataset applied in
the given work involves 10, 000 patients, and the main
attention is paid to the main repeated pathologies that affect
patients of the elderly, including cardiac problems, diabetes,
and Alzheimer’s disease.

3.5.2. Data Preprocessing
After data collection, the data is subjected to data
preprocessing which is an important step in data processing.
Supplementary data in healthcare point out that there are still
issues with completeness, potentially filled incorrectly
discrepancies, and the presence of categorical data, which all
have to be preprocessed before integrating into machine
learning models. In this step, the following tasks are
performed: In this step, the following tasks are performed:

« Handling Missing Values: This leads to applying
methods, such as imputation (which means filling in the
missing data with the average mean, median, or other
helpful statistic for the dataset).

« Normalization: Continuous features (for instance, patient
age or blood pressure levels) are scaled because this
prevents one of them from taking the others by means of
its scale.

« Categorical Encoding: Binary data is easily processed by
machine learning algorithms, but discretion is not due to
the fact that it is in the form of categorical data that needs
to be converted to numeric data through methods such as
one - hot encoding.

Data preprocessing is crucial in this case, as it standardizes
the input data for the model and improves its performance.

3.5.3. Model Selection
The next step, therefore, includes the identification of the
most suitable machine learning algorithms for the task at
hand. In this study, the multiple models of a machine
learning algorithm were selected to make the predictive
results accurate. The following models were selected and
tested: The following models were selected and tested:

o Decision Trees: These are uncomplicated models that
help categorize patients according to their level of risk.
They are valuable for understanding how exactly some
given characteristics (for example, age or preexisting
health conditions) influence the predictions.

o Random Forest: This algorithm trains several decision
trees, resulting in improved prediction performances and
better treatment of large databases. Random Forest is
famous in random forests for avoiding overfitting and
providing stable predictions in datasets, some of which
are complex, like health records.

« Support Vector Machines (SVMs): SVMs are employed
for classification tasks in two classes, including
identifying patients who are more at risk of being
readmitted to the hospital or less at risk. SVMs are useful
in identifying the decision lines separating different
classes.

o Neural Networks: These analytic models, which can
capture more complicated relationships, are used to
estimate subtle consequences, such as the course of
Alzheimer’s disease over time or the effectiveness of the
treatment. Neural networks outperform decision trees in
detecting nonlinear hidden data relationships.

This way, the study made it possible for the researcher to
pick the best - performing model by applying different
testing algorithms based on some evaluation criteria.
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3.5.4. Model Evaluation

After the models have been trained, various statistical

measures are used to assess their prediction abilities. The

key metrics used in this study include The key metrics used
in this study include:

o Accuracy: The ratio of correct predictions to all models
that have been made, meaning the model's accuracy.
Accuracy provides measures of how good the model is in
its prediction but does not necessarily tell the model's
overall performance in distinguishing positive cases from
negative ones.

o Precision: It measures the accuracy of positive
predictions and shows the proportion of the positive
predictions that were indeed right. This is very
significant in using hope, especially in healthcare,
because false positives are fatal because they can lead to
the wrong treatment or intervention being administered.

« Recall (Sensitivity): Recall is one measure of the model’s
performance in terms of identifying all actual positive
cases. In this context, it demonstrates the model's ability
to identify the actual high - risk group patients with low
false - negative rates.

o F1 - Score: Taking into account the misclassification, the
F1 - Score gives a mid - average mean of precision and
recall to evaluate the model’s performance. It is useful
for explaining how fine the model is when implemented
in different situations.

Out of all the models, the Random Forest model performed
the best, with the best accuracy of 92%, highest precision of
91%, recall score of 90%, and F1 - Score of 90%.5%. Such
high measures suggest that Random Forest offers the most
accurate prediction of patients at high risk of their disease
worsening or progressing.

3.5.5. Model Deployment
Since one algorithm was chosen for practical application,
after a comparison of the models, it was the Random Forest
algorithm. Model deployment can be described as making
use of the deployed model to forecast patient health status
based on data that has not been previously used in the model
training process. These predictions can then be used to
inform proactive healthcare decisions, such as These
predictions can then be used to inform proactive healthcare
decisions, such as:

« ldentifying High - Risk Patients: The deployed model
helps identify high - risk patients and prevents them from
developing chronic ailments or being readmitted to
hospitals.

« Forecasting Disease Progression: In some cases, such as
Alzheimer’s, the model can be used to give the expected
rate of advance of the disease/illness so that the correct
care measures can be provided.

« Optimizing Treatment Plans: Machine learning models
can use data analytical methods to recommend specific
types of treatments that Medicare should prioritize in

quality of care and minimizing unnecessary spending on the
same.

4. Results and Discussion
4.1 Predictive Accuracy

In this study, the performance of tested machine learning
models for early prediction of health outcomes of elderly
Medicare patients was established to be of mixed
performance. Comparing the results of the models, it is
possible to state that the Random Forest algorithm provided
the best result — 92% accuracy while predicting the
readmission to the hospital among patients with heart
disease. This high level of accuracy is evidence of Random
Forest’s efficiency when dealing with multiple variables,
some of which have interactive effects, and this makes it
particularly suitable in the management of chronic diseases
in elderly patients. Perhaps there is some truth in that;
nonetheless, features related to its tolerance to big data and
overfitting might have contributed hugely to the results.

Though the accuracy of the Neural Networks model, which
was 89 % when predicting the progression of Alzheimer’s
disease, was slightly lower than that of the Random Forest
model, it exhibited rather good predictive capability. This
feature of ANNs makes them ideal when there are
interactions of several factors and the progression of
diseases where nonlinear features are predominant are
predicted. It could also be because training deep learning
models might take more tuning and might pose the need for
larger datasets to achieve their optimum performance
compared to other models like the Random Forest.

The SVM model, on average, yields 87% accuracy, which is
relatively high, especially when carrying out simple binary
classification tasks like sorting a set of patients with high or
low risk for unfavorable health outcomes. SVMs, on the
other hand, come in handy in cases where there is a clear
distinction between classes, for instance, whether or not a
patient is likely to be readmitted to the hospital.
Nevertheless, since the proposed model’s accuracy is lower
than that of Random Forest and Neural Networks, it might
face difficulties identifying all the interactions in geriatric
healthcare data.

The lowest performing of all the models was the Decision
Trees model, which had an accuracy of 85%, though it
presented good information. This is not surprising, as
decision trees are considered more susceptible to overfitting,
mainly when big and noisy data are to be processed.
However, decision trees are very interpretable, making them
suitable for understanding what features or risk factors are
most important to predict health - related results.

Table 1: Performance of Different ML Models

terms of resource allocation and outcomes. Model Accuracy | Precision | Recall | F1 - Score
Decision Trees 85% 82% 80% 81%
With such advanced information derived from machine Random Forest 92% 91% 90% 90.5%
learning algorithms, healthcare providers can intervene in a SVM 87% 85% 83% 84%
timely and appropriate manner, enhancing the general Neural Networks 89% 87% 86% 86.5%
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Figure 3: Performance of Different ML Models

The evaluation metrics not only offer a broader outlook on
the outcome of the models but also offer details other than
accuracy. For example, measures such as precision and
recall are very important in healthcare, as missing diagnoses
or wrong diagnoses cost lives. The Random Forest model
had the best precision of 91% and, therefore, could identify
most of the patients at high risk, followed by the recall of
90%, which shows better results of the classifier in
predicting high - risk patients and the number of patients
misclassified. This balance is evidenced by an F1 - Score of
90 that enables the classification of relevant documents.5%,
which shows that among the three algorithms, Random
Forest offers the best performance measure on the basis of
both precision and recall.

4.2 Health Trend Predictions

The use of ML models proved viable in determining future
health risks for the elderly, especially those falling within
the Medicare category. Based on the predictive analysis, the
most common conditions among Medicare patients by 2030
are expected to be:

e Cardiovascular diseases: 32%

e Alzheimer’s disease: 25%

o Diabetes: 18%

These predictions justify the advanced prevalence of chronic
diseases in the aging world. Cardiovascular diseases, which
are already constituted as the number one killer among aging
persons, are likely to maintain their influence in the disease
paradigm since risk factors such as high blood pressure,
obesity, and lack of physical activity are becoming rampant
in today’s society. Another type of disease that the elderly
population undergo is Alzheimer’s disease, which will
impact a quarter of Medicare patients, requiring early
diagnosis and long - term treatment plans. Diabetes also
emerged as having an increase of 18%, which means that the
importance of diet and lifestyle modifications as an area of
focus in the overall management of the health of elders
would still dominate the healthcare scene.

Similarly, the models have foreseen that readmissions in
hospitals for chronic diseases will increase by 15% because
of the longevity and the rising cases of chronic diseases.
Since patients with numerous sicknesses (heart disease,

diabetes, Alzheimer’s, etc.) are living longer, they will
require continual attention, which is likely to exert more
pressure on the Medicare system. This projected increase in
readmissions means it is even more crucial to enhance the
residents’ health and avoid hospitalization due to more
effective treatment of diseases and subsequent prevention of
healthcare costs.

4.3 Impact on Medicare

The recommendations from the machine learning algorithms
are important for Medicare, especially in terms of resource
utilization and care management. Another aspect that can be
seen while using those predictive models is that the patients
who are at the highest risk will be highlighted and treated
before their conditions worsen and result in hospitalization.
By telling high - risk patients about policy changes,
Medicare can ensure more precise preventive measures like
giving up bad habits, check - ups, and changing medications,
which can positively influence patients’ condition and cut
expenses.

For instance, identifying patients likely to get affected by
heart disease or be readmitted to the hospital again will
afford more attention to prevention strategies like
cardiovascular tests or monitoring equipment installed in
patients’ homes. Such measures can prevent a hospital or
other health care center from being overwhelmed with
patients who seek treatment when they develop severe
illnesses.

Similarly, the models can contribute to forecasting the
evolution of other chronic diseases like Alzheimer’s and
help Medicare in long - term care plans, including financing
memory care centers and providing support services for
caretakers. As the prevalence of Alzheimer’s disease
continues to rise, and Medicare patients will be a large part
of this demographic by 2030; strategic planning will be
called for in response to the increased need for Alzheimer’ s
- specific care.

Finally, the decision based on predictive analytics from the
ML model can benefit Medicare in catering services not
only to elderly patients but also to keep down the expenses
of recurrent hospitalization and better control chronic illness.
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When coupled with ML - generated forecasts, Medicare can
align its policies in response to the changing and growing
population requirement of healthcare in society, meaning the
resources available are accurately utilized, and patients are
given optimal treatment for better results.

5. Conclusion
5.1 Summary of Findings

Using predictions by employing machine learning to isolate
the tendencies of the aging populace on Medicare offers a
new way of handling the expanding strains on medical
finances. It is, therefore, clear from the study that prediction
models have the potential to increase the knowledge of
identifying high - risk cases, prognosis of chronic illnesses,
and overall health interventions. With the help of Random
Forest, Neural Networks, and SVMs, it was shown that
machine learning models can be highly accurate even in
tasks related to critical outcomes, including patients’
readmission to the hospital or further disease progression.

Besides using these predictions to pinpoint ‘at risk’ patients,
they can also be employed to make policy decisions that will
help efficiently use resources in the health care system. For
example, by forecasting high rates of recurrent hospital
admissions of patients suffering from chronic diseases like
cardiovascular diseases and Alzheimer’s, Medicare can
prepare for fundamental preventive measures. It could
reduce the number of visits to the hospital and the costs
incurred while at the same time increasing the quality of
care. In conclusion, machine learning, with its capability of
extensive data set analysis and pattern recognition, has the
future health forecast capacity, which provides the solutions
and potentiality to lessen healthcare expenses and enhance
the standard of health of the populace.

The forecasts of the health trend presented in this study,
including the ascending trend in the rate of cardiovascular
diseases, Alzheimer’s disease, and diabetes, point to the
requirement for Medicare to shift policies and strategies.
The study showed how machine learning can forecast not
only an individual's health status but also a population's
health status, pointing Medicare to the rigors that come with
an aging society.

5.2 Future Work

Despite the progress made in this study toward the
management of Medicare using machine learning, further
research should be done in a number of areas in order to
explore ways of improving the efficacy of these models. One
of these is using fresh scientific data streams when applying
machine learning models. Data includes, but is not limited
to, the data captured continually from wearables, CGMs,
pulse oximeters, or smartwatches, which may be more
timely and/or reliable about patients’ condition. These
bidirectional exchanges in real - time could facilitate early
interventional  efforts, thereby  preventing  disease
exacerbation or acute medical events.

Another area ripe for further research is the interpretability
of highly complex, large - scale machine - learning models

characterized by opacity. This is an issue that may assume
significant importance in areas of healthcare where
explainability is paramount. Most machine learning
algorithms, broadly, deep learning models, are especially
often called ‘black box’ models, implying that the
conclusions arrived at by the models are accurate. Still, the
steps by which the conclusions are arrived at are hard to
fathom. Increasing the interpretability of these models will
improve trust among stakeholders, especially via the medical
fraternity and individuals, and ensure that the information
provided through machine learning is credible, relatable, and
practical.

Besides, when more data about healthcare are received,
machine learning will provide finer and more precise
estimations. Larger datasets in aggregate can mean the
inclusion of factors such as lifestyle, environment, and
genetics, all of which predict future health trends with
greater accuracy. Subsequent research should attempt to
gather data from various populations so that the different
algorithms propounded in the fields of machine learning can
be tested comprehensively across various populations to
enhance their usability in different settings.

5.3 Limitations

However, there are certain limitations that need to be
discussed here that have been identified in this study. In
spite of knowing these limitations, the results are quite
positive and encouraging. This is especially true regarding
data quality and coverage since it determines the
comprehensiveness of the results obtained. One more
important item to state is the fact that when developing
machine learning models, the performance of the models
mainly relies on the quality of the input data. The numbers
from the de - identified patients’ electronic health records
were analyzed in this case. However, these data could
encompass only part of the factors associated with the
overall health status. For example, ethnicity, social, and
economic factors are important predictors of health status;
however, they may be missing from conventional healthcare
databases. Thus, if these factors are ignored, then they may
create a bias within predictions, especially with the most
vulnerable groups, such as minorities or those who are
underserved.

Still, a few limitations can be mentioned, one of which is
that data privacy and security are prominent issues. In health
care, patient information is so sensitive that there are rules
for dealing with such information. It is essential to note that
though de - identified data was used in this study, systems
applied in clinical settings require the use of patients’
identifying information, raising several questions regarding
legal and ethical compliance. More specifically, establishing
dependable solutions like Federated Learning will be helpful
in maintaining the security of patients’ data while attaining
the advantages of using machine learning.

Furthermore, the models in this study were trained on
historical data; this makes the forecast made by the models
to be based on previous patterns. However, with tracking of
future health trend models, there is always some degree of
error in light of the fact that exogenous factors such as
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technological development and improvement in healthcare,
alterations in policy, or the occurrence of catastrophic events
like the present global pandemic could significantly shift the
dynamics of healthcare systems. These models are also
expected to be developed progressively and hence modified
whenever fresh information is obtained so as to ensure
maximum accuracy.
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