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Abstract: In this paper, the author discusses how generative Al can serve as an instrumental change in health coaching for Medicare
beneficiaries. With the shift towards patient-centricity in modern healthcare, the value those Al-based solutions can bring to care
processes rises with patient-specific recommendations, higher patient involvement, and more efficient and effective health outcomes.
Thinking of generative Al systems in the context of health coaching programs means utilizing patient data, determining health risks and
prescribing individual lifestyle changes. Such an approach is applicable especially to the clients under Medicare since the majority of
them are more likely to have multiple chronic health issues requiring not only regular but also flexible care. The subject of the research
is centered on how these Al tools can improve patients’ control over their health, enhance quality, and reduce prejudice in healthcare.
Some critical issues, such as data privacy, accuracy issues with the algorithm, and the ways to incorporate Al systems in the Medicare
framework, are also explored. They imply that applying generative Al in the delivery of healthcare coaching to older adults may
ultimately change the nature of health management in older adults because it proposes a wider solution to address the personal health

needs of the aging population.
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1. Introduction

The incorporation of generative Al in the healthcare system
has brought significant change in the delivery of patient-
centric care to the elderly on Medicare. As for the
population and demography population, there is a high
demand for care that accompanies aging; therefore,
individual and constant care. [1-3] Therefore, the concept of
Generative Al, which has the feature of processing a huge
database and prescribing a personalized health plan, is laden
with a lot of potential. In order to fill this gap, this paper
aims to explain how Health coaching for and by Medicare
beneficiaries through the use of generative Al as a solution
for health services delivery and achievement of improved
health outcomes among Medicare beneficiaries.

1.1 The Changing Healthcare Landscape for Medicare
Beneficiaries

The medical requirements of Medicare enrollees are very
complex and ever-changing, given that a good number of
them are elderly people with complicated multiple
comorbidities. There is also the usual problem of the large
number of patients per provider and the lack of resources
with which to continuously tailor the support to patients’
needs, as is often the case with traditional medicine. This
dilemma has put pressure on developing more effective,
patient-centered, non-clinical interventions that reach the
defined population. One such solution among them is the
generative Al-enabled personalized health coaching
services. This will enable Medicare beneficiaries to get more
accurate and constant care so that they can manage their
illnesses well.

1.2 Role of Personalized Health Coaching

Personalized health coaching, on the other hand, involves a
combination of health-related goals and objectives that the
patient will achieve with the help of a healthcare
professional or a health coach. It may, therefore, involve

topics such as diet, exercise, medication, and other lifestyle
changes for the management of chronic diseases. Although
successful to a certain extent, traditional health coaching
may be lengthy, costly, and not sustainable for covering
large-enrolment populations such as those eligible for
Medicare. This model can be complemented by generative
Al that gives individual, time-bound, and personalized
advice based on a patient’s health status, habits, and
preferences.

1.3 The Rise of Generative Al in Healthcare

Generative Al is defined as a branch of artificial intelligence
in which it is possible to generate new content or provide a
prediction based on the learning process. In the medical
field, this technology has been implemented in medical
image analysis, drug design, and predictive analysis. In the
last few years, Al-powered health coaching has been
implemented to provide the patient with recommendable
health advice based on the patient’s EHR, wearable devices’
data, and self-reported data. This information derived from
Al can help healthcare givers and coaches come up with
better decisions that would facilitate timely personalized
intercession.

1.4 Benefits of Generative Al for Medicare Beneficiaries

The use of generative Al presents numerous advantages to
all Medicare beneficiaries, especially those who have
chronic diseases. Al-powered health coaching can help
patients:

o Access tailored care: With the help of generative Al,
patients’ critical health data can be evaluated in real-
time, with the help of which patients can be provided
individualized healthcare instead of the traditional,
standard health recommendations, which can fit one out
of ten patients.

« Improve engagement: Arising from it, health coaching
with the help of Al can help patients get involved in their
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health management by providing basic but effective
recommendations.

o Predict and prevent health issues: Using patterns in
patients’ data using Al, early indicators of possible future
diseases can be detected, and methods of prevention can
be suggested, hence cutting the costs required to treat
diseases.

o Support self-management: It also allows Medicare
beneficiaries to monitor and keep a record of their health
status or conditions, thus promoting self-agency on their
health needs.

1.5. Addressing Healthcare Inequities through Al

It is important to note that Medicare beneficiaries’ coverage
disadvantages are not limited to race, SES, and geographic
location. However, generative Al can cause these disparities
if not properly addressed since it offers fairness, objectivity,
and equality in service delivery in the form of health
coaching to the patients irrespective of their demographical
background or geographic location they are from. Since AL
can make superior targeted care open to peoples’ access, it
can be useful to level disparities in healthcare and provide
needed care to people who often face health issues.

1.6. Challenges in
Coaching

Implementing Al-Driven Health

Thus, speaking of the opportunities to use generative Al in
improving health coaching, the following difficulties have to
be highlighted to enhance the possibility of successful flow.
These challenges include:

o Data privacy concerns: Al in health care entails
handling personal health information and personal data
therein that are often sensitive, and thus, the issue of
security of such data comes into focus.

« Algorithmic bias: It is crucial to understand that the bias
present in the data training of the Al systems will cause
the system to be unfair in the treatment recommendation
it provides different patient categories.

o Integration with healthcare systems: That is why the
introduction of Al-based health coaching may pose
certain challenges when integrated into Medicare
systems and various providers’ existing practices, while
integrating Al-based solutions into Medicare systems and
practices may present certain challenges due to
interdependencies between the technology developers
and providers, as well as policymakers.

2. Literature Review
2.1 Generative Al in Healthcare:

The use of generative Al technology in the healthcare
domain has become the primary focus of field advancement
as it improves clinical processes, as we see in
documentation, diagnostics, and even treatment plans. When
it comes to transformers and diffusion models, they are
reliable [21] enough to handle the prominent data set that
consists of medical imaging, drug design, and protein
structure prediction. These models thus provide fresh
content results in fields such as image reconstruction,
medical coding, and clinical decision support. [4] This has

enhanced diagnosis accuracy and the general working of
clinical technologies in health delivery systems.

However, there are also some risks associated with
generative Al, which will be discussed in the following
section. Healthcare is one of the areas in which it has been
discontinued to be very successful, depending on the
availability of large datasets and appropriate risk
management, as instances of errors in the application of Al
models entail damaging impacts. [5] Furthermore, the use of
the technology is effective for repeatable, low-quality work
while applying it to high-risk procedures, such as treatment
suggestions, which need more enhancements.

2.2 Al in Personalized Health Coaching:

The application of Al in health coaching has become more
popular due to patient-specific characteristics, especially in
the field of chronic diseases, adherence, and feedback of
disease information. These applied and tested Al
technologies can track patients’ behavior, use the obtained
data for the identification of patients’ behavioral patterns,
and provide targeted recommendations. In health coaching,
generative Al may assist in how specific strategies for
treatment plans, workouts, and diets should be designed
from a patient’s health profile.

Compared to human specialists, Al systems’ capacity to
study patient data and alter their approach in line with the
outcome indicates a higher level of adaptability and
flexibility in patient care. With the advancement of these
technologies, health results for patients, as well as
engagement, are enhanced while targeting the elderly who
need ongoing and consistent monitoring.

2.3. Al for Medicare Beneficiaries:

The role of Al is becoming more significant in receiving
comprehensive help and Medicare beneficiaries by
simplifying the technical challenges to address the
multifaceted facilitated need. New technologies such as Al
can be used to analyze patients’ records, process claims, and
schedule appointments. Also, regarding patients who need
more attention, extended care plans Al serves as a useful
tool and an additional helper when the extended healthcare
delivery system develops individual preventive programs.

It also helps beneficiaries manage their medication
schedules and chronic illnesses and, in some cases, even
identify diseases early enough. But, problems still persist —
for instance, how to deal with the growing disparity of
information technology access or the application of these
sophisticated Al systems to disenfranchised communities.

Such generative Al can be useful in Medicare, aiding the
healthcare system in improving the quality and availability
of care for elderly patients, apart from relieving some of the
burden on human professionals.

More on these topics can be found in the reviews by such
sources as McKinsey’s analytics of Al in healthcare and
Brookings’ detailed explanation of generative AI’s functions
in healthcare.
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3. Methodology

The following section presents the method used to examine
the application of generative Al in health coaching services
for Medicare consumers. [7-11] The research uses system
design, data collection, and ethical analysis approaches to
design a personalized health coaching framework using Al.
The methodology is divided into several key components:

3.1 Generative Al Framework

The focus of the personalized health coaching system is the

generative Al system that takes user information and

produces health recommendations. It harnesses multiple Al
technologies, allowing for interactive, adaptive coaching:

« Natural Language Processing (NLP): Conversational
interfaces are important for getting the attention of the
users, and where NLP plays a major role. These models
are optimized for interpreting health-related questions,
identifying important health-related information, and
providing  brief and  to-the-point  suggestions.
Transformer models (for example, BERT or GPT)
underpin the system’s comprehension of patient’s
responses and their interpretation in the broader context
to avoid misinterpretation of their words or intents.

o Predictive Analytics: It leverages machine learning to
predict people’s health risks and analyze patient
information from EHRs and from wearable devices.
These are built on vast databases where early diagnosis
of such ailments such as diabetes or cardiovascular
diseases is possible. Random forests or GBMs enable us
to find the correct probability of future health and
preventive care scenarios with high precision.

o Reinforcement Learning (RL): A reinforcement
learning framework defines the modification of the Al
system through more interactions based on the patient’s
needs. The details that make the health coaching system
efficient are learned through the patients’ feedback, and
Reinforcement Learning does this. This enhances the
recommendation logic by holding feedback loops
between patient behaviors and Al, which, in the long run,
shapes his/her behavior.

Data Preprocessing
Generative AI Model (NLP + Predictive Analytics)

Personalized Health Recommendation

BN

Remforcement Learming for Updates

Figure 1: Generative Al Framework for Personalized Health
Coaching

The flowchart below demonstrates the generative Al
framework that was employed to develop the health

coaching intervention. It is initiated with the Patient Data
Input, in which different types of patient [21] health data can
be used, such as electronic health records (EHRs), wearable
devices’ outputs, or self-reports by the user. After entering
the data into the system, it goes through the Data
Preprocessing stage, where the data is preprocessed,
formatted, and normalized. This step makes sure that
information that is of no use to the Al models or contains
wrong information is dumped from the data.

After processing the data, it is used to train the Generative
Al Model that utilizes methodologies such as NLP and
Predictive analytics. NLP is used to determine the meaning
of inputs that a patient provides and translate this into
actionable information; predictive analytical models take
into account the past and present information of the patient
with the view of generating hypotheses of risks that the
patient might be exposed to and provide details of
preventive measures to take. This one is the Personalized
Health Recommendation module, which is in charge of
producing health advice concerning this particular data to
guarantee that each user receives the specific and
appropriate coaching for his or her current health condition
and status.

After the recommendation stage, the user feedback is
integrated into the system in the SABusing phase. The next
step needs to receive feedback from the patient or the
healthcare provider on the effectiveness of the
recommendations. The feedback provided is incorporated
into the system with Reinforcement Learning to improve the
product's recommendation. The above adaptive mechanism
enables the system to keep on learning and enhancing the
health coaching’s accuracy and users’ specificity as time
progresses. In this vein, the whole system works like a loop
that is a continuous learning process to adapt to its
environment and update the results as the process proceeds.

3.2 Data Collection

Data acquisition plays a critical role in the system, where
recommended information is obtained and refined to fit the
user’s needs. The system operates at large data handling and
processing capabilities and could include structured and
unstructured data; however, it focuses on data privacy and
security aspects.

o Electronic Health Records (EHRs): Electronic Health
Records, also known as electronic medical records, act as
a patient’s complete record containing all their records. It
can consist of a patient’s diagnosis, treatment,
medications and even test results. Several upstream and
high-level ~ data  cleaning and  preprocessing
methodologies, like missing data imputation and
normalization, are applied to the EHR data before
feeding into the Al frameworks.

e Wearable Devices: Information given in real-time from
wearables, i.e. Heart rates, sleep quality, and physical
activity level, helps the system to provide timely
feedback. Signal processing and time and series
prediction methods are applied to the continuous data
streams to identify patterns in health metrics.

« Patient-Generated Data: Patients’ feedback in the form
of meals, exercises, and states of mind is necessary for
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personalizing health advice. These data inputs are then
fed into the system using a patient-friendly interface to
endorse the congruity of applied patient-reported tools
and data derived within the system.

3.3 System Architecture

SAGA: System Architecture for Generative Al and
Personalized Health Coaching depicts how the information
and communications take place in a personalized health
coaching system meant for Medicare recipients. The
architecture is composed of three layers:

3.3.1 Data Sources

This layer is said to be in charge of acquiring the raw data

that the system requires. The architecture is designed to

fetch various types of healthcare data, including:

o Fitness Data obtained from Fitbit includes steps taken,
heart rate, calories burnt, sleep duration, etc.

« Patient medical records and Medicare Claims Data refer
to the record of treatments and services from Medicare
on different patients.

« Historical clinical data like diagnoses, medications, and
lab results, among others, are stored in Electronic Health
Records (EHRs).

« Patient Health Data [9] consists of inputs that are specific
to the patient and may include items like lifestyle

choices, dietary preferences, exercise regimens, and self-
reported health status.

These are sources of data that lay the basis for developing
recommendations given to people according to their profile.

3.3.2 Al Engine

The Al engine is a capability of the system. It is also known

as the decision-making unit because it is the core of this

system and handles data processing and formulation of the
appropriate coaching strategy. The engine comprises several
key components:

« Generative Al Model: It should be noted that this model
is used for generating health advice out of the processed
data. It is capable of producing output by analyzing data
like medical history, real-time fitness data and feedback
from the users.

« Natural Language Processing (NLP): The NLP module
translates the inputs and questions a patient has from the
application into a format acceptable by the Al model.
With this help, it also offers understandable coaching
suggestions and recommendations’ provision.

« Recommendation System: This is done in conjunction
with the generative Al model to develop health advice
pertaining to the specific needs of the individual. They
consider historical data, as well as real-time data, to
come up with maintenance plans for health that change
based on the patient's response.
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Figure 2: System Architecture for Generative Al and Personalized Health Coaching
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3.3.3 User Interface:

It is the layer that acts as an interface between the Al

system, the health care professionals, and the Medicare

beneficiaries. The interface operates through:

o Mobile App: This app helps Medicare beneficiaries to
enter their health data and the app then provides them
recommendations as to what type of coaching they might
require. To achieve this, it transmits real-time data to the
Al engine and presents the recommendations produced to
the users.

« Web Portal: HCP and health coach or a healthcare
provider can interface with the system through a web
interface where he/she can track the suggestions and the
modification of the coaching plan along with transmitting
modified recommendations to the patients.

3.4 Personalization Mechanism

The coaching system is presented as an Al-driven system,
and the principal hallmark of the latter is personalization.
The coaching system is presented as an Al-driven system,
and the principal hallmark of the latter is personalization.

[12,13] It is designed in a way that adjusts to each patient
individually, providing the most suitable recommendations
based on each patient’s health Alter Paths.

« Patient History: From the patient’s EHR and claims
data, the system creates the first patient health profile.
Analyzing this data is how machine learning algorithms
are able to find patterns concerning the development of
the disease, compliance with medications and doctor
visits.

« Real-Time Data: Real time adjustments of coaching can
be done given that data is obtained from wearables and
patients’ reports. For instance, if a patient’s level of
physical activity is inadequate, the system provides
certain suggestions (for instance, walking plans).

« Reinforcement Learning: It also applies reinforcement
learning to improve the recommendations of health
improvements by ascertaining the actions and
preferences of the user. For instance, if the patient stays
on the recommended diet for a certain period, the system
improves on the diet advice it gives to the patient in case
the patient does not follow the prescription and changes
its advice altogether.

Table 1: Personalization Factors, Data Sources, Al Models, and Outputs in Personalized Health Coaching

Personalization Factor Data Source Al Model Utilized Output
Patient Medical History EHRs Predictive Analytics Personalized health plans
Daily Activity Monitoring Wearables Machine Learning Real-time adjustments
User Feedback and Preferences | User Input | Reinforcement Learning | Adaptive health recommendations

3.5 Ethical Considerations

The use of Al in healthcare coaching to Medicare

beneficiaries has some of the following ethical questions.

These must be well handled to foster the quality of trust as

well as fairness within the system. Key considerations

include:

o Data Privacy and Security: The most reliable
mathematical techniques, like homomorphic encryption,
enable the system to perform computations on data
without revealing any sensitive information from the
patient’s side. The requester can use only such data as is
not related to the individual identification of the client or
patient, and the requester has to be a licensed healthcare
professional.

« Bias Mitigation: Bias in the Al algorithms control
implies that the delivery of healthcare is unequal. To
avoid this, the system incorporates datasets that include
all types of customers to ensure the recommendation
given is impartial. Bias assessments happen frequently,
and since the fair treatment of patients of different
characteristics is important, relevant metrics for the
fairness of the models are used.

e Transparency and Explainability: It is crucial in
healthcare Al systems because people have to understand
the results of various procedures and diagnostic
evaluations to be confident in experts’ conclusions. The
models make highly understandable and easily
interpretable recommendations for the Al engineers to
understand and for the patient/physician, thus making the
Al transparent. This makes beneficiaries develop
confidence in the system; hence they are able to take part
of the responsibility of managing their health.

4. Implementation

This section highlights the steps that are required to accrue
and execute generative Al, personalized health coaching for
Medicare benefit recipients. The main issues addressed are
the design of Al models, the integration of the new system
into Medicare services, and technical issues faced during
development. The implementation is discussed under the
following subheadings:

4.1 Al Model Design

The design of the Al model is the key that will make the
system offer health coaching recommendations to each
person. [14-17] There is a requirement to use a powerful Al
model that has to be integrated and prepared for real-time
data from sources like EHRs, wearables, and reported data
of the patients.

e Model Selection: The technology is a mixture of the
generative model (for recommendations) and machine
learning model (patient’s health prognosis). For instance,
the ‘large language models’, such as the GPT-4, are
employed for the NLP to interact with the user and to
understand his/her health data. On the other hand,
Random Forests or Gradient Boosting Machines (GBM)
are used for predicting the health risks and other such
health impacts.

« Data Preprocessing and Feature Engineering: That is
why data preprocessing methods play an essential role
depending on the type of captured data sources (e.g.,
clinical records, activity logs, and users’ feedback). Basic
pre-processing is performed on EHR data, including data
cleaning and normalization. Selecting variables that are
important for the identification of good, promising
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aspects like blood pressure, heart rate, and activity levels
enhances the predictive performance of the Al models.

e Model Training and Fine-Tuning: It has been designed
in such a manner that it requires substantial training on
Medicare data, medical research datasets, and real-time
health information. These models are, however, trained
via supervised learning for health outcome prediction and
then fine-tuned through reinforcement learning to fit the
real-time personal coaching paradigm.

e Model Outputs: These include health care plans and
recommendations concerning diet and exercise as well as
timely dosage and administration of medications after the
model has been trained. Feedback carries the ability in
the model to capture new information, which means that
health coaching advice changes according to the
beneficiary’s condition and trends.

This flowchart represents a high-level diagram of the flow of
the Al model contained in the health and wellbeing coach
system. It starts with the Patient Health Data, which is the
main input in the system and also the foundation of the
decision support engine. This data includes various aspects
of a patient, including his/her medical history, wearable
device data, choices of nutrition, and other quantitative data.
It is input to the conceptualized Al Model that has both
Generative as well as Predictive components. The first
component is the generative one, which enables the develop
specific recommendations associated with health coaching;
the second one is the predictive component, which allows
making conclusions about potential threats to health or
aspects that could potentially be problematic in future based
on data analyzed[8].

After passing through the Al model, the system produces
Personalized Health Recommendations that may involve
health recommendations on the use of diet, exercises, sleep
and wellness plans that are suitable for the patient. As
mentioned above, these recommendations are not clearly set
since they are being revised to accommodate the feedback
given. It ends with the last phase, which is the Continuous
Learning phase that embraces aspects of User Feedback. The
system employing the reinforcement learning approach is
incorporated into the provision of future recommendations,
with the system advice to the user becoming more accurate
and specific as the Al system gathers more data from the
user over a period of time. Such a loop keeps the system
evolving to the ever-changing health conditions and pattern
of behaviour of the patient.

Patient Health Data

AT Model (Generative + Predictive)

Personalized Health Recommendations (Diet, Exercise, etc.)

Continuous Learmng (User Feedback)

Figure 3: Al Model Flow for Personalized Health
Recommendations

4.2 Integration with Medicare Services

The Al-powered system needs to be integrated effectively
into the Medicare services to be easily addressed within the
context of efficient and effective medical services delivery
while following the stringent healthcare regulations. The
integration involves the following components:

o Medicare Data Access: The Al system needs to have
access to Medicare claims data and EHRs as well as
patients’ records. This is done through the use of APIs
that interact with Medicare’s database and provide real-
time data, as seen below. Also, please stay compliant
with HIPAA, which is required to ensure the privacy and
protection of the patient’s information.

« Real-Time Data Processing: The integration helps
collect the data in real-time from the wearable devices,
which monitor the activity, sleep and vital signs. All this
data is processed and transferred directly to the Al
engine, which facilitates the processing and offers
feedback at the point of data feedback. The related
connected mobile app or web interface allows Medicare
beneficiaries to gain raw real-time health information.

« Healthcare Provider Interaction: This system allows
healthcare professionals to view the patient’s health
dashboard[20]. This gives them an opportunity to assess
Al-provided recommendations and outcomes of
differential care plans and patient messages. This means
that the Al system is designed to operate in the
background collaboratively with the healthcare provider
to ensure that the coaching that the application provides
is in line with the medical advice which is being
provided.

The flow chart showed how Medicare services can be
aligned or interlinked with the Al personal health care
coaching system. It starts with Medicare Claims / EHR Data,
which forms the main data input into the model. This entails
any paperwork that can be clinical papers, financial records,
and all other papers that the beneficiary has regarding
medical treatments, insurance, and other expenses that are
related to the beneficiary’s health. This data is very
important as it informs the Al system about the patient’s
health history so as to facilitate accurate recommendations.

Subsequently, the Medicare data is collected and analyzed
by the Al Engine, having the capability to analyze and
interpret healthcare data. The Al system then analyzes this
information to identify patterns, come up with risk profiles,
and derive recommendations for preventive measures. The
Al decision engine is the simplest of the two since it is the
processing unit that makes a conclusion when it uses one or
more machine learning techniques to analyze a patient’s
health trend and gives a probable likelihood of future threats.
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Medicare Claims / EHR Data

AT Engine (Health Data Processing)

Healthcare Providers (Monitoring and Feedback)

Personalized Health Coaching App

Figure 4: Simulation/Prototype Setup for Al System Testing

After that, the processed data is passed on to the Healthcare
Providers, who keep track of System recommendations and
respond in kind. A crucial role of healthcare providers is to
supervise the work of the Al while ensuring that the output
is accurate and effective in supporting the proposed
amendments to treatment or care. The cycle of feedback
between the group at J&J and the clinicians is this kind of
feedback process, which assists in the design of
recommendations that will be applicable to the field.

Lastly, the output is provided in the form of a Personalized
Health Coaching App. This application offers enrolled
Medicare beneficiaries personal health coaching with regard
to dietary and lifestyle alterations, medication compliance
and other wellness programs. It also means that the app is
dynamic and does not have a one-time use since it
continuously engages with and learns from the patient’s
health data in real-time.

4.3. Technical Challenges

The employment of such a complex system inevitably

involves considering and solving a set of technical problems

that may occur at the stages of software development and
interfacing. These challenges include:

o Data Interoperability: A primary issue of concern is
brought by the incompatibility of several data
structures of healthcare EMRs, medicare claims, and
patients’ real-time physiological data from wearable
devices. The standards are different in one or another
healthcare system (e. g. HL7, FHIR) for storing the data.
A technique like FHIR (Fast Healthcare Interoperability
Resources) is employed for the categorization of the data
model and harmonization of data exchange across one
healthcare system to the other.

« Scalability: Processing of real-time data from not one
user but from many users is only a little more
manageable. Elastic load balancing is used to scale the
system dynamically, for which cloud-based platforms
like AWS and Microsoft Azure are adopted. In the case
of an application that will process large volumes of data,
the Al model used has to be scalable to accommodate the
volume while giving quick responses.

« Data Privacy and Security: Computer security is very
important, particularly in terms of the confidentiality of
patients' details [6]. New techniques of encryption and
decryption, like homomorphic encryption, are used to
enable vital data to be processed in an encrypted form.

This helps to make sure that data on medicare
beneficiaries is secure at all times in the operation of the
system. Further, the Role-Based Access Control (RBAC)
models restrict the access rights of sensitive information.
« Model Accuracy and Bias: Currently, the problem of Al
models’ bias exists; that is, if the model used was trained
based on incomplete and /or non-representative data,
then it will yield biased results. To reduce bias in the
system, frequent audits are conducted, and the system is
validated with a wider database. The steps of algorithm
fairness and bias mitigation are used to ensure that
recommendations do not have any prejudice when
implemented in different populations of patients.

Table 2: Challenges and Solutions in Integrating Al for
Personalized Health Coaching
Challenge Solution
FHIR-based standardization of
healthcare data
Cloud infrastructure (AWS, Azure)
Encryption (Homomorphic
Encryption), HIPAA Compliance
Bias Audits, Fairness Algorithms

Data Interoperability

Scalability

Data Privacy and Security

Model Accuracy and Bias

5. Results

This section provides the results of the actual use of the
developed system via simulation or a prototype, measures
the effectiveness of the used criteria, and reports on the first
users’ reactions from the beneficiaries as well as health care
practitioners.

5.1 Simulation/Prototype

In this phase of the study, the health coaching system that
utilized generative Al and information from wearables, EHR
and Medicare claims was evaluated through a simulation
using both actual and artificial data. The simulation was
designed so that we could test the system on a multitude of
data scenarios. Fitness data such as step tally and heart rate
were derived using wearables, while data on EHRs and
Medicare claims data came from synthetic Medicare records.
This gave a practical way of obtaining patient’s
characteristics such as past and present illness and treatment.

There were one hundred participants with distinctive health
and actual input data from the devices, and direct patient
communication  through portable applications was
incorporated to provide real environmental conditions. The
Al assimilated data flows from the tracked metrics, EHRS,
and patient engagement to provide customized health
coaching plans. The above recommendations were made to
the patients through the mobile application, while the
modifications were done in real-time, depending on the
reports from the patients. It took about 10 seconds to acquire
data from wearable and another averagely of 5 minutes to
adjust the coaching recommendations based on new
acquisitions.

The outcomes of the simulation were relatively positive and
specified, with the average participant taking 7000 steps per
day and the low data latency of the system, which is vital for
day-to-day health coaching. Furthermore, the success

Volume 13 Issue 10, October 2024
Fully Refereed | Open Access | Double Blind Peer Reviewed Journal
WWW.ijsr.net

Paper ID: SR241018111904

DOI: https://dx.doi.org/10.21275/SR241018111904 1354


http://www.ijsr.net/

International Journal of Science and Research (1JSR)
ISSN: 2319-7064
SJIF (2022): 7.942

measured on the simulation surface pointed to the potential
of Al-based models in healthcare to operate effectively on
real-time and constantly changing data.

Table 3: Simulation Parameters and Participant Data

Parameter Value
Total Participants 100 (50 male, 50 female)
Average Age 65.5 years
Average Daily Step Count 7,000 steps
Average Data Latency (from wearable 10 seconds
to Al)
Average Coaching Adjustment Time 5 minutes

5.2 Performance Metrics

Several measures were established as indicators of the
system performance to infer the accuracy, latency,
scalability and learning capabilities of the Al model. It also
enjoyed a very high rating of 92% based on its ability to
come up with spot-on health interventions and advice about
exercising regimens and doses of medication. This high
level of accuracy has been obtained due to the large amount
of training data, which included real and synthetic one
million health records data.

Latency remained low; data collection latency was 10
seconds, while the time taken to generate recommendations
was around 3 minutes. These low latency rates ensured that
the system response time was real-time thus increasing the
overall usability of the system. Based on the scalability test,
the system proved to support up to 10,000 users at any given
time conducting their business without the system slowing
down, and it had an uptime of 99. 8% in the simulation
period.

There has to be a learning mechanism that will allow the
system to update the results based on the user’s feedback.
Indeed, 80 % of the feedback loops resulted in better health
recommendations since reinforcement learning enables the
tuning of Al outputs based on feedback received.

Table 4: Al Performance Metrics
Metric Result
92% (Predictive health
recommendations)

Al Model Accuracy

Average Latency (Data
to Recommendation)
Scalability (Peak
Concurrent Users)
System Uptime
Feedback
Incorporation

3 minutes

10,000 users

99.8% uptime during simulation

80% refined recommendations

5.3 User Feedback

By the end of the system’s prototype construction, client
reviews were also received from actual Medicare
beneficiaries as well as actual or working health
professionals. Overall, Medicare users’ needs were met to
their satisfaction, with an 85 % approval of the usefulness
and comprehensibility of the recommendations. Health
coaches also gave highly positive feedback about the use of
the Al system; 90% stated that the system was very useful in
tracking patients’ health and changing their care plans

accordingly. This underscores the potential of the system to
enhance the health of patients as well as the benefits of the
system as a means of cost savings for the providers.

The design of the user interface of the Mobile App was rated
passable, with 80% of the clients perceiving the application
as easy to use. However, 20% of them concluded that they
wanted the focus on data visualized on the app to be
enhanced, meaning people wanted more detailed health
feedback and more frequent updates on their progress.

As for user interaction, the system was effective in
increasing the usage frequency, which was evidenced by a
25% rise in compliance with recommended activities,
including exercising and dietary regimens. As highlighted
above, about 70% of the users actively use the app daily,
showing positive engagement with the health coaching
system. High levels of satisfaction and adherence provide
the base for further discussion concerning the active
involvement of Medicare beneficiaries in proactive health
management through the implementation of Al-driven
systems.

Table 5: User Feedback and Satisfaction
Feedback Metric Percentage (%)
User Satisfaction (Medicare 0 .
Beneficiaries) 85% satisfied
Health Coach Satisfaction 90% found the system useful
80% rated as easy to use

App Usability Rating
25% improvement in activity
adherence

Engagement Increase

Percentage (%0)
m Percentage (%)

83% 90% 20%
J I =
User Health Coach App Usability Engagement
Satisfaction  Satisfaction Rating Increase
(Medicare
Beneficiaries)

Figure 5: Graphical of User Feedback and Satisfaction
6. Discussion

This section looks at the benefits of the presented Al-based
personalized health coaching system to Medicare
beneficiaries, discusses some of the current limitations in the
system, and considers the likelihood of the program being
applied in different healthcare settings.

6.1 Impact on Medicare Beneficiaries

The integration of generative Al into personalized health

coaching for Medicare beneficiaries presents several positive

impacts:

« Improved Health Outcomes: The health suggestion
aspect of the system is designed to suggest health
information and tips through Al Liberia and incorporate
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real-time data from wearable fitness trackers, EHRs, and
user input. This results in increased compliance with care
plans, which is vital when it comes to dealing with
chronic diseases such as diabetes, hypertension and
cardiovascular disease. Research on self-monitoring,
data-sharing, and real-time health coaching has revealed
some of the discoveries that indicate that older adults
may get a 25-40% increase in following lifestyle
modifications proposed (diet, exercise).

o Proactive Healthcare: A large number of Medicare
beneficiaries have chronic or a series of healthcare needs
that are not always short-term. | conclude that this
system ensures that patients’ health conditions are
checked interdependently with real-time information
processed for alerts and recommendations. This makes it
possible to avoid hospital admission due to anticipated
complications with the individual’s health.

o Accessibility and Engagement: In terms of access, the
system’s mobile applications and Web interface are
helpful and convenient for older people. Through health-
related data simplification and interaction with the
assistants, the Al system minimizes the complexity that
arises when someone has multiple health complications
and increases the Medicare beneficiaries’ ability to
manage their health on a regular basis.

o Healthcare Professional Support: The above system
offers significant insights to the healthcare providers
since they are afterwards used to monitor the progress of
the patient and also to make necessary amendments to
the treatment plan, which is based on real-time data. This
improves the interaction between healthcare workers and
clients, thus giving improved care.

6.2. Limitations

Despite its benefits, the current implementation has several

limitations that need to be addressed for broader adoption:

« Data Privacy and Security: The utilization of real-time
data integration from different sources is a concern of
privacy. While the system uses encryption and is HIPAA
compliant, there are some issues related to data
ownership as well as the security of the patient’s records
in the process of transmission and storage. Homomorphic
encryption is a promising technique, though
computationally intensive, and its scalability, especially
within the healthcare context, is yet unknown.

« Bias in Al Models: This is an issue of fairness since Al
models trained with either biased or non-robust data and
information can lead to discrimination against a
particular group of people. For instance, if the Al Has not
been trained on diverse data belonging to different
groups, some groups may be given less accurate and less
effective recommendations. This, on the other hand, may
aggravate the health inequalities rather than improve
them.

« User Adoption Challenges: As long as the system is
developed to be friendly to the user, older adults may
have challenges adapting to the technology. It includes
areas such as the digital divide and the absence of proper
devices (smartphones, wearables). Moreover, few studies
have illustrated how Medicare recipients remain active
with the system in the long term, as continued frequent
use of health apps is not easy in the long term.

Healthcare System Integration: The integration of the
system into the current Medicare structure is also
complex since it has to conform to certain standards
present, such as the FHIR in this case. However,
healthcare workers may need to be trained on how to
incorporate such insights generated by the use of Al in
their work, thus including some level of disruption of
work in the short run.

6.3. Potential for Scaling

The system has significant potential for scaling across
different healthcare environments:

Broader Population Applications: Note that this model is
designed for Medicare patients; however, the same Al-
based personal health coaching can be potentially
adapted to other patient population groups, such as
patients with chronic diseases aside from the Medicare
system, young patients without diseases or focused on
prevention, or patients with certain particular diseases
such as diabetes, and obesity.

Integration with Telemedicine: Telemedicine is really
good at scaling — which makes it a perfect candidate for
this kind of growth. The inclusion of telehealth services
can also be effective in the Al system to allow facile
consultation and interactions between the patients and the
health care providers so that ongoing follow-up and
support can be provided to the patients who, for instance,
are in the rural or hard-to-reach areas. This would
decrease the workload on the health care institutions
while at the same time making health care more available
to individuals.

Partnerships with Private Healthcare: The possible
expansion of the Al system could go not only to the
sphere of public healthcare organizations but also to
engage partnerships with private institutions. Insurance
firms and private healthcare centers should tap into the
efficiency of Al to provide their members with some
form of value-added, preventive healthcare services
while at the same time reducing long-term overall
healthcare consumption.

Improvement of Al Models: The Al models can be
refined in the future through learning from the feedback
of healthcare providers and users on subsequent versions
of the models. This would make it possible for the
system to add to the recommendation domain and
recommend further interventional possibilities beyond
the existing horizon of medicine[5].

Global Healthcare Systems: Therefore, as an
application where regional health systems, languages and
data regulation norms are considered and incorporated, it
has the potential to go global. In especially countries
where population ageing is already keenly felt, such an
intervention in the form of individual health coaching
could lessen the burden on the healthcare service
delivery systems through the adoption of more
preventive measures as well as self-monitoring and self-
management of chronic conditions.

7. Conclusion

The application of generative Al in personalized health
coaching for Medicare beneficiaries holds the promise of
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providing a real-time, dynamic, and highly individualized
approach towards the existing and emerging health issues of
the aging population. Medicare, fitness data, EHR, and
patients’ input data are integrated, and the collected data is
used to derive trajectories based on individual user’s
historical and current data and recommend new optimal
solutions. This kind of automated, artificial intelligence-
driven system is capable of tracking patients’ vitals,
recommending procedures, and providing appropriate
coaching plans through user-friendly interfaces of mobile
applications or websites to beneficiaries. It is, therefore, a
dynamic approach to health management that advances
preventive health and encourages patients to maintain good
health and avoid being at risk of acute health-related
incidences. Therefore, healthcare workers are more placed in
a position to enhance Medicare consumers' ability to
optimize their health, hence reducing healthcare costs and
outcomes in the future.

However, for this technology to be fully implemented, we
need to consider some drawbacks, including data privacy,
model bias, and the digital divide among the aged
population. Maintaining health information security is
critical through the use of encryption and compliance with
the regulatory framework that covers the information’s
storage and processing, particularly health data. On the other
hand, fine-tuning of the Al models is needed continually
with the aim of ensuring that the recommendation is fair
across the population’s subgroups, including the
disadvantaged ones. Besides, the success of the adoption of
this system will involve sensitization and assistance to the
beneficiaries, especially those with low literacy in computer
systems. Still, the utilization of generative Al in
personalized health coaching shows great potential for
Medicare beneficiaries as well as the rest of the population
because this approach is highly scalable and can provide
people with great benefits. Further development of the
concept, more innovative technologies, and the application
of the principles of health Al coaching may help create an
additional positive impact on preventive healthcare for
millions of customers worldwide.
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