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Abstract: Background: Generative Al is revolutionizing the healthcare
sector by speeding up drug discovery, customizing treatments, and
simplifying administrative tasks. However, implementation requires
careful consideration of data security, ethical quandaries, and
regulatory compliance. Personalized medicine employs genomic
analysis, medical history, and real-time health data for treatment
planning, drug development, and office duties, while diagnostic
imaging enhances training data and clinical decision support. One
essential use of generative Al in healthcare is real-time patient
monitoring, which facilitates prompt treatments and enhances patient
outcomes. Wearable sensors and mobile devices are being used to
remotely monitor a diabetic patient. Blood glucose levels, heart rate,
blood pressure, physical activity, and medication adherence are among
the patterns of data that the generative Al system examines. The
generative Al model analyzes patient data and produces tailored
suggestions by combining Recurrent Neural Network (RNN) and
Generative Adversarial Network (GAN) and also Reinforcement
Learning (RL). The experimental results focus on the patient
dashboard, which is a real-time dashboard that shows the patient's vital
signs, medication adherence, and personalized recommendations. The
personalized insights are Al-generated insights and recommendations
given to patients, enabling them to effectively manage their condition.
The alerts and notifications are automated alerts and notifications sent
to healthcare providers and caregivers, guaranteeing timely
interventions. Try to relax. Blood glucose levels in patients are
increasing. Provide suggestions for enhancing physical activity and
modifying insulin dosage. The patient's heart rate is elevated. Alerts
and notifications recommend relaxing techniques and blood pressure
monitoring. The blood sugar is high. Adjust the dose of insulin and
make an effort to be more active. The heart rate is high. Attempt to
relax while taking a deep breath.

Keywords: Generative Al Healthcare ecosystems Artificial
intelligence in medicin Clinical decision support Medical imaging
Predictive analytic Patient care optimization Drug discovery

INTRODUCTION

Artificial intelligence (AI) in healthcare has
revolutionized the medical industry by enhancing
diagnosis, treatment, and monitoring. Its ability to
analyze vast amounts of clinical data quickly helps
professionals identify disease markers, patient risks,
and population health trends by Vedat Cicek (2025)
[33]. Al is already used in early detection of cancers
and heart disease, predicting outcomes using
electronic health records, and improving clinical trial

design by U. Chaturvedi (2025) [32]. By embedding
Al into hospital systems, outpatient clinics, and home
monitoring devices, medical providers can offer
smarter, faster, and more efficient care. Al in
healthcare has the potential to redefine how we
process clinical data, diagnose complex conditions,
develop breakthrough treatments, and even prevent
diseases before they occur by A. Al Kuwaiti, et al
(2023) [1]. By using AI, physicians and care teams can
make better-informed decisions based on accurate,
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real-time insights, saving time, reducing costs, and
improving patient records management. Al in
healthcare promises to usher in a new era of precision
medicine, where patients receive tailored treatment
faster and more accurately than ever before by X. Wu,
et al (2025) [35]. By embracing Al, the industry can
achieve the dual goals of enhancing patient outcomes
while making care delivery more efficient and
sustainable for providers.

Natural language processing (NLP) is a form of
artificial intelligence that enables computers to
interpret and use human language. It is being used in
healthcare to improve patient care, streamline clinical
processes, and provide personalized services. NLP
can be applied to medical records to accurately
diagnose illnesses, identify relevant treatments and
medications, and predict potential health risks based
on past data by B. Jena, et al (2021) [8]. It also
provides clinicians with powerful tools for managing
large amounts of complex data. Rule-based expert
systems, which were prevalent in the 80s and later
periods, are still widely used in healthcare for clinical
decision support. However, as the number of rules
grows, they can conflict and become burdensome. Al
in healthcare has been at the core of diagnosis and
treatment for the last 50 years, but integration issues
have hindered widespread adoption by Fabio Stella et
al (2025) [10]. To fully leverage AI in healthcare,
providers must either undertake substantial
integration projects themselves or leverage the
capabilities of third-party vendors with Al capabilities
by F.A. Alijjoyo, et al (2024) [11].

Artificial intelligence (AI) has produced a lot of debate
in the past few years, despite being commended for its
enormous potential in healthcare and medicine. The
possible benefits of artificial intelligence (AI) for
healthcare, specifically with regard to boosting doctor
productivity, enhancing medical diagnosis and
treatment, and optimizing the use of technical and
human resources by Aklilu, J.G (2024) [2].

The clinical, social, and ethical dangers associated
with Al in healthcare are identified and explained,
with particular attention paid to the following are the
possibility of mistakes and patient injury; the
likelihood of prejudice and a rise in health disparities;
the absence of openness and confidence; and the
susceptibility to hacking and data privacy violations.
Mitigation strategies for medical Al include clinical
validation, transparency, multi-stakeholder
engagement, and Al training for citizens and
clinicians by Liu, T.-L et. al. (2024) [20]. AI's
potential in healthcare and medicine remains
significant despite ongoing debates. Al may enhance
healthcare efficiency, improve medical diagnosis and
treatment, and optimize resource allocation, making
it a potential tool for future generations. How Al
could be applied in medicine to solve issues like health

inequities, aging, chronic illnesses, sustainability, and
inefficiencies. It highlights potential advantages of
biological AI for clinical practice, research, public
health, and health administration by Nong, P.,
2025[23]. Artificial intelligence has potential
applications in emergency care, surgery, digital
pathology, cardiology, radiology, and mental health.
The highlights seven key risks of Al in healthcare and
medicine, including implementation difficulties,
privacy, security, transparency, bias, misuse, and
patient harm, and provides solutions by Shahin
Zadeh, H (2024) [29]. In appropriate use of
biomedical Al tools can lead to erroneous medical
assessments and judgments, potentially putting
patients in danger by Zhouyu Guan (2023) [40]. Use
of Al is caused by a number of factors, including
systemic biases, a lack of training, and restricted
involvement. Transparency in Al research,
evaluation, and application is crucial, as is data
security and privacy by Shashidhar Attuluri et al
(2023) [30]. Examples of gaps in legal responsibility
and obstacles to practical application include poor
data quality, interoperability, and a lack of clinical
and technology integration by Dippel, J et al. (2024)
[10].

Al is increasingly being used in the healthcare sector
to improve efficiency, staff well-being, and patient
care by Syed Arman et. al. (2025) [31]. Generative
Al, which creates new content from existing data, is
particularly useful in areas like drug discovery,
medical imaging, and summarizing complex medical
information by Khadijeh Moulaei et al (2024) [19]. It
can be trained on thousands of medical images to
generate high-quality images, reducing the workload
on radiologists and improving diagnostic tools by
Zhang, K et al. (2025) [39]. Generative Al is also
being used in drug discovery, where it can suggest
novel compounds for treatment, accelerating research
and reducing workload by P. Zhang et al. (2023) [25].
Predictive AI, on the other hand, focuses on
forecasting future outcomes based on historical data,
identifying trends, predicting patient outcomes, and
informing clinical decisions. It can predict patients at
high risk of developing chronic conditions and
optimize hospital operations by Y. Peng (2023) [37].
While both generative and predictive AI hold
significant potential, their applications and problems
address different issues. Generative Al is particularly
useful in areas requiring innovation, while predictive
Al excels in scenarios where understanding future
trends is crucial. Both AI models have the potential to
reduce workload and improve patient care and
hospital efficiency by Y. Li, J. Li (2024) [36].

The focus of this chapter on generative Al healthcare
is on producing new data and content, even if Al
healthcare includes classic and more contemporary
uses by Blease, C.R. (2024) [7]. While generative Al

| 2719

©2025 European Journal of Clinical Pharmacy; All Rights Reserved




How to Cite: Jagan Mohan, R. N. V. (n.d.). Case study on real world applications of generative Al in healthcare
ecosystems. European Journal of Clinical Pharmacy. 2026. 8(1) 2718-2731

produces new content, such as artificially created
medical images, medications, or patient-specific
therapy, traditional AI healthcare employs pattern
recognition, categorization, and prediction based on
current data. Real-world uses of generative Al in
healthcare include disease detection, patient risk
factor prediction, and operational simplification.

Existing Work: The main obstacles to Al-driven
healthcare decisions include the lack of transparency
in AI decision-making processes, the absence of
varied, high-quality data for efficient training and
evaluation, insufficient standards and legal
frameworks, ethical issues, integration difficulties,
and the possibility of collaboration in medical settings.

Research Gaps in Generative Al for Healthcare: To
address and use generative Al is revolutionizing
healthcare by accelerating drug discovery,
personalizing treatments, streamlining administrative
tasks, improving diagnostic imaging, and enabling
real-time patient monitoring through wearable sensors
and mobile devices, thereby improving patient care
and consequences by A.O.R. Khan, et (2024) [4].

Proposed Work: The proposed work focuses on

generative Al for real-time patient monitoring.

e To Concentrate on the Patient Dashboard is a
real-time tool that provides a comprehensive view
of a patient's vital signs, medication adherence,
and personalized recommendations.

e To concentrate on Automated alerts and
notifications are sent to healthcare providers and
caregivers, ensuring timely interventions.

e To Concentrate on Al-generated insights and
recommendations are provided to patients,
empowering them to effectively manage their
condition.

e To study evaluates diabetes prevention
interventions in high-risk  populations,
investigates diabetes distress, depression, and
anxiety, and addresses healthcare differences in
diabetes care.

e The Generative Al with Reinforcement
Learning approach tackles healthcare prediction
by analyzing patient data and producing
personalized suggestions.

The Generative Al model analyzes patient data and
produces tailored suggestions by combining
Generative Adversarial Networks (GANs) with
Recurrent Neural Networks (RNNs).

Methodology

Generative Al is a class of algorithms that learn
patterns from input data, creating novel content like
text, resulting in diverse and creative outputs.
Generative Al uses techniques like Generative
Adversarial Networks (GANs), where a generator and

a discriminator compete to create new data instances,
improving their outputs over iterations based on
feedback from the discriminator.

Methods for employing generative Al for real-time
patient monitoring with appropriate examples and
output using mathematical formulas are as follows: -

Data Collection: With wearable sensors and mobile
devices, the Generative Al system is remotely
monitoring diabetic patients and analyzing their data,
such as blood pressure, heart rate, blood glucose
levels, and physical activity.

Data preprocessing: Data pre-processing involves
cleaning, standardizing, and converting data into an
analysis-ready format.

Model Performance: The Section focuses on the
approximation of RNN and GAN models.

RNN Model: One kind of deep learning model called
a Recurrent Neural Network (RNN) uses internal
"memory" to recall previous inputs and guide
subsequent ones in order to handle sequential data,
like text or time series by Ibomoiye Domor Mienye
(2024) [13]. The output for one input depends on both
the current input and prior calculations because
RNNs, in contrast to normal neural networks by
Baruah, R.D (2024) [6], feature feedback loops that
enable information to remain by Joseph, A. J., et al.
(2021) [17]. The RNN model forecasts probable
patterns by analyzing sequential patient data by Alex
Sherstinsky (2018) [3].

RNN Model Formula: RNN(t) = ¢ (W * x(t) + U *
RNN(t-1) + b)

where x(t) is the input data, W and U are weight
matrices, b is the bias, and o is the activation function.
GAN Model: The area of artificial intelligence known
as "generative Al" leverages pre-existing text, audio,
image, and video data to produce an entirely new set
of data that appears to be accurate and flawless in its
own right. The systems generate a new version of the
data after recognizing the pattern in the original data.
Unsupervised AI models make up the majority of
generative Al models.

The Discriminative Model, which forecasts behaviors
based on conditional probabilities, is the foundation
of machine learning and deep learning models. In
contrast, generative models employ the Bayes
theorem to estimate joint probability and concentrate
on determining the dataset's true distribution.
Generative models create fresh data, whereas
discriminative models separate and respond to data.
Transformer-based models, Autoregressive
Convolutional Neural Networks (AR-CNN), and
General Adversarial Networks (GANs) are three well-
known generative Al models. With two neurons
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serving as generators and discriminators, GANSs
generate new output from the training dataset. The
coach, on the other hand, analyzes the data to
determine the team's strengths and shortcomings and
offers suggestions to enhance games. While the
discriminator distinguishes between good and bad
data and offers feedback, the generator produces new
data that is similar to the trained data.

A deep learning model known as a Generative
Adversarial Network, or GAN, is made up of two
neural networks, a discriminator and a generator, that
fight with one another to produce fresh, realistic data
that closely resembles a training dataset by Radford,
A (2015) [26]. The discriminator gains the ability to
discern between the genuine data and the fakes
produced by the generator. The discriminator
improves as a detector and the generator becomes
increasingly more adept at producing realistic samples
through this "adversarial" process. By creating
artificial patient data, the GAN model enhances real-
world data and increases model accuracy by Warner,
D. F., etal. (2023)[34].

GAN Model Formula: GAN(t) = G(z(t)) + D(x(t))
where z(t) is the noise vector, G is the generator
network, D is the discriminator network, and x(t) is
the real data.

Recurrent neural networks (RNNs) and Generative

adversarial networks (GANs) are used in the
Generative Al model to evaluate patient data and

Result

produce tailored recommendations. RNN is effective
for sequential data like text or time series, while GAN
combines generator and discriminator networks for
new data generation by Kumar, R. S., etal (2021) [18].

Personalized Recommendations: The AI model
generates personalized recommendations based on
patient data and predicted trends.
Recommendation(t) = F(RNN(t), GAN(t), Patient
Data)

Mathematical Formulas:

Blood Glucose Level (BGL) Prediction: BGL+1) =
BGLy + o * (PAy - PAwg) + B* MAp - MA,y,)
where a and 8 are coefficients, PA,. is the average
physical activity, and M A, is the average medication
adherence.

Heart Rate (HR) Anomaly Detection: HRanomaty =
|[HR - HRavg | > v * HRyua

where HR,,; is the average heart rate, HRqq is the
standard deviation of heart rate, and y is a threshold
coefficient by Shahin Zadeh, H et al. (2012) [24].
Blood Pressure (BP) Prediction: BP+1y = BPy + 6 *
(PA(t) - PAay) + €* MA - MAuwy)

where § and ¢ are coefficients by Longjian Liu (2010)
[10].

The Generative AI model employs RNNs and GANs
to analyze patient data, predict future trends, detect
anomalies, and improve patient outcomes through
timely interventions.

Wearable sensors and mobile devices are being used to remotely observe a diabetic patient, and a generative artificial
intelligence system is evaluating the data to offer specific recommendations.

Patient Dashboard: A dashboard with real-time information on the patient's vital signs, medication compliance, and
personalized recommendations shown in Table-1 and Table-2.

Table-1: Patient Dashboard Details

HR (bpm)

80

90

100

110

120

140

160

180

200

220

240

260

Time BGL (mg/dL)
8.00 120
9.00 140
10.00 160
11.00 180
12.00 200
13.00 220
14.00 240
15.00 260
16.00 270
17.00 280
18.00 300
19.00 310
20.00 320

280

Alerts and Notifications: The patient's blood glucose levels are increasing, indicating a need for adjustments in
insulin dosage and an increase in physical activity. The patient's heart rate is elevated, requiring relaxation techniques
and monitoring of blood pressure.

Personalized Insights: The message suggests that to manage a rising blood glucose level, it is advised to increase
physical activity and adjust insulin dosage. The message indicates that your heart rate is elevated, recommending
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deep breathing and relaxation.
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Graph-1: Patient Dashboard Details
The graph-1 shows a patient's Blood Glucose Levels (BGL) and Heart Rate (HR) over 13 intervals, showing a rising
trend from 120 mg/dl to 300 mg/dl. The HR shows an upward trend from 100 bpm to 250 bpm. This could indicate
hyperglycemia or other metabolic issues requiring medical attention.
Patient Dashboard Results: The patient dashboard provides a comprehensive view of their medical history and
treatment progress.

Table-2: Recommendations of Patient Dashboard

Time ?n(igI; dL) HR (bpm) | Recommendations
120 80 Normal
140 90 Increase physical activity
10 160 100 Adjust insulin dosage
11 180 110 Monitor blood pressure
12 200 120 Relaxation techniques
13 220 140 Urgent medical attention
14 240 160 Critical: Administer insulin
15 260 180 Critical: Call emergency services
16 270 200 Critical: Hospitalize patient
17 280 220 Critical: Intensive care required
18 300 240 Critical: Life-threatening situation

Trends and Insights: The patient is experiencing a severe hyperglycaemic crisis, with elevated BGL levels and high
HR, indicating severe cardiovascular stress and a high risk of life-threatening complications.

Alerts and Notifications: Healthcare providers and caregivers receive continuous alerts about critical BGL and HR
levels, emergency services and ICU teams are mobilized, and family members and caregivers are notified of the
patient's critical condition.

Personalized Recommendations: The patient is prescribed immediate insulin and medications to lower BGL levels,
aggressively manage blood pressure and cardiovascular risks, and receives continuous monitoring and support in the
ICU setting.

b) Reinforcement Learning (RL) Using Generative AT Model: By interacting with their environment, autonomous
agents can learn to make decisions through a machine learning process called reinforcement learning. This method
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shows promise in the development of artificial intelligence and is especially helpful in unpredictable circumstances.
Instead of uncovering hidden patterns, it learns by trial-and-error and reward function, which sets it apart from
supervised and unsupervised learning. It is assumed that input data for reinforcement learning consists of
interdependent tuples arranged as state-action-reward. It differs from self-supervised learning, which gauges model
accuracy by using pseudo labels from unlabeled training data. Reinforcement learning has encouraging outcomes
even when paired with self-supervised learning.

A Machine Learning method called reinforcement learning mimics the human trial-and-error learning process by
allowing software to make the best choices. Emerging generative Al systems that rely on learning from human
feedback after pretraining huge models on immense data sets are expected to heavily utilize reinforcement learning.
While Reinforcement Learning (RL) is a successful model for machine learning issues, Generative Al is a huge
impact on computer science. Reinforcement Learning (RL) is applied to healthcare data, generating outputs while
maximizing objective functions and incorporating desired attributes. This study analyzes its predictions and
challenges. RL is used by the Generative Al model to evaluate patient data and produce tailored recommendations.

1.Data Collection: Patient information is gathered by wearable sensors and mobile devices, including blood
pressure, heart rate, blood glucose levels, physical activity, and medication compliance.

2. Reinforcement Learning (RL) Model: The RL model is a machine learning technique that predicts future trends
and provides recommendations based on patient data.

RL (S, s) = r + \gamma\max{s'} RL (S, s")

where RL (S, s) is the action-value function, r is the reward, \gamma is the discount factor, and S' is the next state.

3.Personalized Recommendations: The Al model generates personalized recommendations based on patient data
and predicted trends.

Recommendation(R) = f (RL (S, s), Patient Data)

For instance, mobile devices and wearable sensors are being used for monitoring remotely a diabetic patient. After
analyzing the patient's data, the generative Al system produces customized recommendations.

Table-3: Patient Data

Time BGL (mg/dL) HR (bpm) PA (steps) MA (%)

8 120 80 1000 90

9 140 90 1200 85

10 160 100 1500 80

11 180 110 1800 75

12 200 120 2100 70

13 220 140 2400 65

14 240 160 2700 60

15 260 180 3000 55

16 270 200 3300 50

17 280 220 3700 45

18 300 240 4000 40

Table-4: Patient Data Analysis

Time BGL (mg/dL) HR (bpm) PA (steps) MA (%) Recommendation
8 120 80 1000 90 Increase PA
9 140 90 1200 85 Adjust Insulin
10 160 100 1500 80 Monitor BP
11 180 110 1800 75 Relaxation techniques
12 200 120 2100 70 Urgent medical attention
13 220 140 2400 65 Urgent medical attention
14 240 160 2700 60 Urgent medical attention
15 260 180 3000 55 Critical care required
16 270 200 3300 50 Critical care required
17 280 220 3700 45 Critical care required
18 300 240 4000 40 Life-threatening situation

The RL Model Output is as follows
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Table-5: RL Model Output

Time Recommendation Reward
8 Increase PA 0.8
9 Adjust Insulin 0.9
10 Monitor BP 0.7
11 Relaxation techniques 0.6
12 Urgent medical attention 0.5
13 Urgent medical attention 0.4
14 Urgent medical attention 0.3
15 Critical care required 0.2
16 Critical care required 0.1
17 Critical care required 0.0
18 Life-threatening situation -0.1

Blood Glucose Level (BGL) Prediction:

e BGL(t+1) = 1.1 \times BGL(t) + 0.05 \times PA(t) - 0.1 \times MA(t)
e BGL (19:00) = 1.1 \times 300 + 0.05 \times 4000 - 0.1 \times 40

e BGL (19:00) = 330 + 200 - 4

e BGL (19:00) = 526 mg/dL

Heart Rate (HR) Anomaly Detection:
e HR {anomaly}(t) = |HR(t) - 100| > 0.2 \times HR_{std}
e HR {anomaly}(18:00) = |240 - 100| > 0.2 \times 20
e HR {anomaly}(18:00) = 140 > 4
e HR {anomaly}(18:00) = True

Result: The patient's BGL should be 526 mg/dL at 19:00, and a variance in the HR is discovered. The RL model
recommends scenarios that could endanger life.

Table-6: RL. Model Recommends scenarios

Metric Value

BGL (19:00) 526mg/dL

HR Anomaly True

Recommendation Life-threatening situation

Output for Recommendation of RL Model is \boxed BGL (19:00) =526mg/dL, HR {anomaly} (18:00) = True,
Recommendation = Life-threatening situation}

c). The Margin of Error (MOE) is a statistical method used to estimate the effectiveness of interventions or therapies
for Type-2 Diabetic patients by Siyuan Mu (2025) [28]. It can be used to measure random sampling error,
effectiveness, or a mixer of expectation. The MOE formula is a weighted calculation that combines multiple factors
to estimate an outcome. Logistic regression is a statistical method used to analyze a dataset with one or more
independent variables determining an outcome. It can be represented by the Logit Function, Logistic Function, and
Odds Ratio. The model provides insights into the relationship between predictor variables and the outcome variable,
estimating the probability of the outcome and assessing the strength of the relationship.

The experimental result is on Mixture of Expectation (MOE) calculation reveals a significant correlation between
age, Acanthosis Nigricans, and High Blood Pressure, a common comorbidity with Type-2 Diabetes, potentially
influencing diabetes severity by Mohamed Khalifa (2024) [22]. The logistic regression analysis offers valuable insights
into the correlation between predictor variables and high blood pressure, but more varied data is needed for a more
robust model. Given the data, we'll build a logistic regression model to predict High Blood Pressure (HBP) based on
the predictor variables Gender and Weight Loss (Belly) by Jia W (2022) [16].
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Table-7: Patients Data Set

‘Weight Loss
High Blood Pressor | (Belly)Losing excess
Gender (High=1) weight=1
Male 1 0
Male 1 1
Male 0 1
Male 1 0
Male 1 1
Male 0 1
Male 1 0
Female 1 1
Female 0 1
Female 1 0
Female 1 1
Female 0 1
Female 1 0
Female 1 1
Female 0 1
Female 1 0
Female 1 1
Female 0 1
Male 1 0
Male 0 1

The logistic regression model is given by
log (1%) = Bo + B1x Gender + B,x weight Loss(Belly) - (1)
The probability of the outcome (p) can be calculated using logistic function is
1
p= 1+ e80+81x Gender+f;x weight Loss(Belly) - (2)
The logistic regression model estimates the log odds of the outcome based on the input variables. The coefficients
such as B, and [, represent the change in log odds for a one-unit change in the corresponding variable, while holding

other variables constant. The model can be used to predict the probability of the outcome for new, unseen data by
Jason Brownlee (2023) [14].

Model Estimation: Let us to estimate the model coefficients are

Bo= O(intercept, assuming no significant intercept)

1= O(coefficient for Gender, assuming no significant effect)

2= O(coefficient for Weight Loss (Belly), assuming no significant effect)

Given the data, it appears that Weight Loss (Belly) has no significant effect on High Blood Pressure.

Probability Calculation: The probability of having high blood pressure can be estimated based on the data: Overall
probability: 10 out of 18 individuals have high blood pressure, so the probability is approximately 0.56 (10/18).

Odds Ratio: The odds ratio for Gender can be calculated, but given the data, it appears that Gender has no significant
effect on High Blood Pressure by Jammalamadaka S.K.R(2025)[15].

Type-2 Diabetes Connection: Given the strong association between high blood pressure and type 2 diabetes, this
model may be useful in predicting the risk of developing type 2 diabetes.

The logistic regression analysis provides insights into the relationship between the predictor variables and high blood
pressure by Scott Reule et al (2012) [27]. The model estimates the probability of having high blood pressure based on
the data. However, further analysis with more varied data would be necessary to build a more robust model.

Mixer of Expectation (MOE): The MOE calculation provides valuable insights into the relationship between Age,
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Acanthosis Nigricans, and High Blood Pressure.

Age
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50
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50
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50
50
50
50
50
50
50
50
50
50
50
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50
50
50
50
50
50
50
50
50
50
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Table-8: Type-2 Same Age with Different Patients Acanthosis Nigricans Index Data Set
Given the data, the MOE calculation can be performed as follows:

MOE = (Age X 0.5) + (Acanthosis Nigricans Index X 0.5)
Acanthosis Nigricans Index: Dark = 1, Thick patches of skin = 2, Velvety = 3

MOE Calculation for Age 50:

e For Dark: MOE = (50 x 0.5) + (1 x 0.5) =25 + 0.5 = 25.5

e  For Thick patches of skin: MOE = (50 X 0.5) + (2 X 0.5) =25+ 1=26

e For Velvety: MOE = (50 x 0.5) + (3 X 0.5) = 25 + 1.5 = 26.5

MOE Calculation for Age 45:

e For Dark: MOE = (45 x 0.5) + (1 X 0.5) =22.5+0.5 =23

e For Thick patches of skin: MOE = (45 X 0.5) + (2 X 0.5) =22.5+1=23.5

e For Velvety: MOE = (45 X 0.5) + (3 x 0.5)=22.5+1.5=24

MOE Values: The MOE values range from 23 to 26.5.
The MOE calculation indicates a strong correlation between age, Acanthosis Nigricans, and High Blood Pressure, a
common comorbidity with Type-2 Diabetes. The distribution of Acanthosis Nigricans types may be related to
diabetes severity. The results can inform research and develop predictive models.

d). The performance metrics of Generative AI with GAN, RNN, and RL on the given time series data are as

follows:
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Table-9: Performance Metrics

Model MAE RMSE MSE R-Squared

GAN 10.23 15.67 245.19 0.85

RNN 8.56 12.34 152.19 0.90

RL 6.78 9.56 91.19 0.95
Mathematical Formulas

1.Mean absolute error (MAE) is a statistical measure of errors between paired observations expressing the same
phenomenon. It is calculated as the sum of absolute errors divided by the sample size, and is a scale-dependent
accuracy measure. It is commonly used in time series analysis and can be confused with mean absolute deviation.
MAE is used to compare predicted values using different scales and is used in comparisons between predicted values
using different scales by Alexei Botchkarev (2019) [5].

Mean Absolute Error (MAE) =

2. Root Mean Squared Error (RMSE): The root mean squared error (RMSE) formula is used to calculate the mean
squared error (MSE) of a data set. It involves finding the difference between predicted and actual values, square each
difference, finding the average, and taking the square root of the result. This method ensures positive values and
minimizes the effect of larger errors by Bradley J Erickson (2019) [9].

— J Ly - 3012

Yizalyi — xil
n

N

3. Mean Squared Error (MSE): The Mean Squared Error (MSE) formula calculates the difference between actual
and predicted values by squaring the difference, averaging, and dividing by the number of data points by Nguyen
Van Thieu (2024) [24].

MSE—li( y.)?
“n -1yi Yi
i=

4. R-squared: An indicator of the accuracy of the regression line's prediction, the R-squared coefficient is a statistical
metric used in regression analysis to quantify the percentage of variation in the dependent variable (y) that the
regression line explains in relation to the mean of y by Yan Song (2022) [38].

N
RSS = ) (vi - 9)?
i=1

i
Result: The RL model performs best, with the lowest MAE, RMSE, and MSE, and the highest R-squared value.
The RNN model performs better than the GAN model.

Time Series Forecasting: Time series forecasting uses statistical models to analyze patient data, predicting future
trends and patterns in field like healthcare by identifying seasonality and cyclical movements.

Table-10: Time Series Forecasting of BGL using Various Methods

Time Actual BGL GAN RNN RL

8 120 118.23 | 119.56 120.12
9 140 138.45 | 139.23 140.56
10 160 158.12 | 159.45 160.23
11 180 178.56 | 179.12 180.45
12 200 198.23 | 199.56 200.12
13 220 21845 | 219.23 220.56
14 240 238.12 | 239.45 240.23
15 260 258.56 | 259.12 260.45
16 270 268.23 | 269.56 270.12
17 280 27845 | 279.23 280.56
18 300 298.12 | 299.45 300.23
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Graph-2: Time Series Forecasting of BGL using Various Methods

RL model is the best performer, with the lowest error metrics and the highest accuracy in forecasting the time series
data. The graph-2 shows time series forecasting of Blood Glucose Levels (BGL) using various methods. Important
findings include that the blue dots show real BGL, the orange dots show GAN performance, the grey dots show
RNN following the trend, and the yellow dots show Reinforcement Learning predictions that match the increasing

trend.

Data points represent specific forecast values or actual BGL measurements at specific times.

CONCLUSION

The case study discusses the real-world applications of
generative Al in healthcare ecosystems, focusing on
its potential to speed up drug discovery, customize
treatments, and simplify administrative tasks.
Generative Al is used in personalized medicine,
where genomic analysis, medical history, and real-
time health data are used for treatment planning, drug
development, and office duties. It also enhances
training data and clinical decision support through
diagnostic imaging.

One essential use of generative Al in healthcare is real-
time patient monitoring, which facilitates prompt
treatments and enhances patient outcomes. Wearable
sensors and mobile devices are being used to remotely
monitor diabetic patients, analyzing patterns such as
blood glucose levels, heart rate, blood pressure,
physical activity, and medication adherence. The
generative Al model analyzes patient data and
produces tailored suggestions by combining Recurrent
Neural Network (RNN), Generative Adversarial
Network (GAN), and Reinforcement Learning (RL).

The experimental results focus on the patient
dashboard, which shows the patient's vital signs,
medication adherence, and personalized
recommendations. The personalized insights are Al-
generated insights and recommendations given to
patients, enabling them to effectively manage their
condition. The alerts and notifications are automated
alerts sent to healthcare providers and caregivers,
guaranteeing timely interventions.

Al has the potential to redefine how we process
clinical data, diagnose complex conditions, develop
breakthrough treatments, and even prevent diseases
before they occur. By embracing Al, the industry can
achieve the dual goals of enhancing patient outcomes
while making care delivery more efficient and
sustainable for providers. However, there are concerns
about data security, ethical quandaries, and regulatory
compliance. Mitigation strategies for medical Al
include clinical validation, transparency, multi-
stakeholder engagement, and Al training for citizens
and clinicians.

Despite these challenges, Al remains significant in
healthcare and medicine, with potential applications
in areas like drug discovery, medical imaging, and
predictive AIl. However, implementation requires
careful consideration of data security, ethical
considerations, and regulatory compliance.
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