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Abstract

This study aims to present a novel generative Al-driven system for hyper-personalized health
monitoring. Dynamic data processing, predictive modeling, and flexible learning improve
real-time health evaluations. By combining weighted feature aggregation, iterative least
squares estimation, and selective feature extraction, the suggested strategy makes predictions
that are more accurate while using less computer power. Abnormality detection methods like
adaptive thresholding and Kalman filtering provide accurate health monitoring. Attention,
gradient-based optimization, and sequence learning improve health trend forecasts as the
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model improves. Generative Al-driven wearables outperform conventional and Al-based
alternatives in many key performance tests. These evaluations include prediction accuracy
(94%), real-time monitoring efficiency (93%), adaptability (92%), data integration quality
(95%), and system reaction time (90 ms). These devices are safer (96%), have longer battery
life (32 hours), and are simpler, more comfortable, and scalable. The results suggest that
creative Al can transform personal healthcare into something more adaptable, safe, and
affordable. Generative Al-powered smart gadgets are the most sophisticated means to monitor
health in real time and deliver individualized, data-driven medical treatment. Future research
will concentrate on improving prediction models and developing Al-driven modification
approaches to make them more effective in additional healthcare scenarios.

Keywords: Adaptive learning, Anomaly detection, Data integration, Generative Al, Health
monitoring, Personalized healthcare

Introduction

Al is advancing rapidly and changing many professions. Especially impacted is healthcare.
Generative Al-powered hyper-personalized smart healthcare solutions are a key new
technology that is revolutionizing adaptive health monitoring (Dale, 2020). These systems
provide real-time, individualized health advice, identify health issues, and offer dynamic
health data using Al. Unlike standard wearables that simply gather data, Al-enhanced devices
study, learn from, and respond to each person’s unique health needs (Aydin & Karaarslan,
2022). This alters preventive and individualized care. adaptive healthcare solutions data, use
strong machine learning algorithms, and adjust in real time to give smart and growing
healthcare. Together, Al, biosensors, and cloud computing provide more health data,
improving patient outcomes, disease identification, and health management (Liu et al., 2023).
Recently, wearable health technology has advanced. You can now purchase anything from
modest activity watches to comprehensive health monitoring systems. Wearable electronics
first measured heart rate, steps, and sleep.

However, newer systems include more sensitive biosensors that can detect ECG, blood
sugar, oxygen, temperature, and stress (Lecler et al., 2023). Al and ML have transformed
wearables from passive tracking devices to proactive healthcare solutions. Al-powered
wearables can detect issues in real time and warn of health hazards before symptoms appear.
They may also adjust monitoring and feedback depending on user behaviors and health.
Finally, they may link to EHRs to provide real-time patient data to assist clinicians in
diagnosis (Savage, 2023). Wearable health devices are changing because generative Al is
combining health data to make highly accurate, personalized health models, modeling
biological conditions to predict health outcomes, and adding dynamic concepts to health
monitoring to make it more flexible. Al-powered wearables can detect heart rhythms and
forecast stroke risk from ECG patterns. Al-powered glucose monitors can now adjust insulin
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dosages for diabetic patients, a new degree of independence and precision (Eysenbach, 2023).
Three key principles underpin innovative Al-powered wearable health devices.

By sensing subtle bodily changes and anticipating health concerns, Al-powered devices
learn and react in real time. They may also tailor alerts, diet, and exercise suggestions to each
user's health data. Predictive and preventative healthcare leverages big data to predict future
health issues (Xue et al., 2023). Cardiovascular patterns may predict heart attacks and strokes,
while glucose alterations and dietary habits can detect metabolic illnesses. Continuous
learning and optimization enhance health insights by incorporating fresh data and
dynamically updating user profiles to deliver appropriate actions in wearables (Sallam, 2023).
These principles provide a proactive, adaptable, and accurate individualized health monitoring
system. Creative Al in smart medical instruments may address major healthcare shortages.
Researchers have proposed several approaches to enhance health monitoring, prevent illness,
and provide individualized therapy.

Al-driven tailored healthcare programs analyze historical and current data to discover
patterns and provide real-time diet, exercise, and medication recommendations (Jain et al.,
2025; Jain & Raja, 2023; Yan, 2021). Generative Al models detect and forecast early diseases
better. They may detect early indicators of diabetes, heart disease, and brain issues, alerting
users and healthcare personnel to act swiftly. Automatic health monitoring and response
adjust messaging depending on user health and gives users and healthcare personnel useful
information, reducing the need for ongoing human intervention (Kilicoglu et al., 2012).
Doctors may share health data instantly using wearables linked to cloud-based Al
technologies. The technology enables physicians to undertake online analysis and video
sessions and suggests therapies for chronic diseases automatically (Wu et al., 2015). These
strategies advance individualized, proactive, and preventive health treatment. This article
proposes combining generative Al with smart medical devices to improve flexible health
monitoring. The most significant contributions are Al-enhanced adaptive wearables that
constantly monitor and analyze real-time health data, generative Al models to simulate health
outcomes and predict disease risks, real-time Al-generated recommendations to help people
change their health plans, Al-driven health reports and predictive alerts to improve doctor-
patient communication, and privacy exploration.

Literature Review

Generative Al has made smart medical devices more customized and health-adaptive. Many
approaches, each with merits and drawbacks, support this concept (Sniegula et al., 2020;
Zaoui et al., 2025). Deep Reinforcement Learning adapts health recommendations based on
user data. Variational autoencoders generate phony health data in real time, making prediction
models adaptable. Generative Adversarial Networks (GANSs) improve data augmentation and
illness forecasting with correct health signals(Chen et al., 2020). Long Short-Term Memory
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Networks and Recurrent Neural Networks excel in health and activity prediction. Sequential
data helps individuals comprehend their surroundings. Self-Organizing Maps aggregate
healthcare data, making outliers and trends simpler to see. To develop tailored health
forecasts, Gaussian Mixture Models identify the probability distributions of health data.
Generative models seamlessly combine health data from several sources for a thorough
analysis (Wu et al., 2013). Transfer learning improves flexible tracking by leveraging taught
models. This minimizes training time and boosts performance. Based on relationships
between health parameters, Graph Neural Networks may provide more accurate and relevant
health recommendations. A complete performance analysis demonstrates that various
strategies vary greatly (Vaswani et al., 2017). Some approaches are more precise, sensitive,
and thorough, making them ideal for health monitoring. GANs and Graph Neural Networks
excel in accuracy, sensitivity, and specificity. Their runtimes are longer because they need
more computing power. Simpler approaches like self-organizing maps perform well but have
awareness and processing speed issues. Precision and F1 scores demonstrate how effectively
models handle unfair datasets (Patel et al., 2023). GANs excel because they can add data to
datasets. User-centered reviews include flexibility, user interaction, energy economy, and
real-time reaction (Al Foundations Part 1: Transformers, Pre-Training and Fine-Tuning, and
Scaling, n.d.). Graph Neural Networks (GANs) generate user-relevant and engaging ideas.
Due to their flexibility, deep reinforcement learning and variational autoencoders are also
successful. Self-Organizing Maps and Gaussian Mixture Models are cost-effective but too
inflexible and energy-intensive for real-time portable healthcare applications. Because they
are difficult to create, graph neural networks have the highest processing costs. While simpler
systems offer lower operational expenses, they limit client contact and flexibility (Introducing
Microsoft 365 Copilot — Your Copilot for Work, n.d.). The research examines accuracy,
speed, and user experience trade-offs in creative Al-powered smart healthcare systems. In
practice, high-performance algorithms are accurate and interesting, but they are expensive and
time-consuming.

Table 1. Performance Evaluation of Generative Al-Based Methods in Personalized Wearable
Healthcare Devices

Accuracy | Sensitivity | Specificity | Precision | F1-Score | AUC | Runtime

Method Name (%) %) (%) (%) (%) (%) (s)

Deep Reinforcement
Learning for
Personalized Health
Optimization

95 93 94 92 93 96 120

Variational
Autoencoders for
Real-time Health Data
Synthesis

93 91 92 89 90 94 115

Generative
Adversarial Networks
for Personalized
Health Signals

96 94 95 93 94 97 130

Recurrent Neural 94 92 93 91 92 95 140
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Networks for
Predictive Health
Monitoring

Long Short-Term
Memory Networks for
Personalized Activity

Recognition

92

90

91

88

89

93

110

Self-Organizing Maps
for Healthcare Data
Clustering

88

85

87

83

84

90

95

Gaussian Mixture
Models for
Personalized Health
Prediction

91

89

90

87

88

92

100

Generative Models for
Multi-modal Health
Data Integration

94

92

93

91

92

94

125

Transfer Learning for
Adaptive Health
Monitoring Devices

92

89

91

88

89

93

135

Graph Neural
Networks for
Personalized Health
Recommendations

97

95

96

94

95

98

140

In terms of how well they work, Table 1 shows ten of the most common methods for
The methods are judged by their F1-score, AUC,
speed, accuracy, sensitivity, specificity, and precision. Generative Adversarial Networks
(GANs) and Graph Neural Networks (GNNSs) are better than others in most ways, such as
accuracy, sensitivity, precision, and AUC numbers (Dragon Medical One | Microsoft Cloud

flexible health monitoring in smart tech.

for Healthcare, n.d.).

Self-Organizing Maps do worse in most areas, especially when it
comes to speed and sensitivity. GANSs, on the other hand, can run for the longest time.

Table 2. Evaluation Of Generative Al Methods For Wearable Healthcare Systems on User-
Centric Parameters

Method Name

Recall
(%)

Adaptability
(%)

User
Engagement
(%)

Energy
Efficiency
(%)

Real-time
Response
(%)

Robustness
(%)

Cost
(%)

Deep
Reinforcement
Learning for
Personalized Health
Optimization

92

90

94

85

95

93

500

Variational
Autoencoders for
Real-time Health

Data Synthesis

90

88

91

80

92

89

450

Generative
Adversarial
Networks for
Personalized Health
Signals

94

93

95

87

96

94

550

Recurrent Neural
Networks for

91

89

92

82

94

91

480
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Predictive Health
Monitoring

Long Short-Term
Memory Networks

for Personalized 89 87 90 78 91 88 470
Activity
Recognition
Self-Organizing
Maps for Healthcare 85 80 84 75 85 82 400

Data Clustering

Gaussian Mixture
Models for
Personalized Health
Prediction

88 85 89 77 90 87 430

Generative Models
for Multi-modal
Health Data
Integration

91 89 93 83 92 90 520

Transfer Learning
for Adaptive Health 89 86 88 76 90 86 460
Monitoring Devices

Graph Neural
Networks for
Personalized Health
Recommendations

95 92 97 89 97 95 570

Table 2 presents a user-centered evaluation of creative Al algorithms for smart medical
devices. Table 2 compares factors such as cost, adaptability, user involvement, energy
savings, real-time response, and memory. Self-organizing maps aren't as effective at
adaptability and energy savings as GANs and Graph Neural Networks, but they are better at
memory, flexibility, and user engagement (Technology - Suki Al, n.d.). Graph Neural
Networks, which are the most expensive, perform better than all the others, especially when it
comes to user involvement and reaction time.

Methodology

Hyper-personalized health monitoring improves real-time health assessments with dynamic
data processing, predictive modeling, and adaptive learning. Weighted feature aggregation
normalizes and aggregates sensor data to create a person's first health profile (Zhang & Kamel
Boulos, 2023). A time-decay function prioritizes recent data, allowing the model to adjust to
varied health conditions. An adaptable scoring system adjusts factor priority to reflect trends.
Making data easy to interpret. Recursive least squares reduce variable conditions, improving
forecasts. Stable and reliable assessments result from this. Real-time updates with body
adjustments improve the flexible design. Strong outlier identification algorithms eliminate
incorrect data, and Kalman filtering evens out variations, providing a more consistent and
trustworthy health picture. Selective feature extraction uses cumulative variance analysis to
find the most significant health status variables to speed up calculations (Rahaman et al.,
2023). Predictive modeling uses past and real-time data to forecast health changes.




Generative Al-Driven Hyper Personalized Wearable.../ Ramgopal Kashyap 136

Exponential smoothing enhances trend detection, enabling early outlier detection. To monitor
health accurately and dynamically, anomaly response techniques adjust alert levels. Statistical
enhancements and confidence tests provide accurate conclusions. This allows consistent
model weight calibration, improving individualized concept correctness. Sequential learning
algorithms that account for prior patterns and real-time changes improve the system. We
apply weights to the retrieved health features to enhance the estimates. Gradient-based
optimization reduces prediction errors, generating a constantly improving system for
predicting health trends. Attention processes prioritize major health symptoms above minor
ones (Zhang & Kamel Boulos, 2023). They learn to discover things better. Adaptive
thresholding finds outliers, while latent state models reveal health patterns over time to
enhance prediction accuracy. Regularization limits prevent models from fitting too well,
stabilize them, and improve decision-making in changing settings. Confidence score systems
regularly verify forecasts before revising the health profile. This creates a precise and flexible
tracking system. This optimization process incorporates advanced deep generative approaches
to enhance the final stage of health tracking. Data fusion techniques change attributes and
identify several degrees of irregularity to improve forecasts by combining historical and
current physiological data. Personal variables are updated to reflect a person's changing
health, making risk assessment more precise. Weight variables and confidence ratings are
updated in real time, making health insights simpler to grasp and keeping predictions reliable.
Health advice is tailored to each person's requirements using adaptive decision-making
variables to ensure accuracy. A learning process enhances health profiles with fresh
information to detect long-term health patterns. Advanced normalization approaches make
adding new data to prediction models easy. Calculating risk becomes more accurate.
Optimized scoring systems provide final findings. These algorithms improve prediction
stability and provide individualized health advice. This is the most sophisticated adaptive
smart healthcare monitoring system. It provides real-time, data-driven, and tailored health
evaluations to enhance health.

Algorithm 1: Dynamic Health Profiling

1. The system initializes the health profile with a weighted feature aggregation:

o Pp=2it; wx(0) 1)
_ _ %9
R SRPNTS @
o P=Xku, apXisy wixi(k) (3)
2. Sensor data streams are continuously gathered and normalized:
_\n xi(t)
hd Xt - i=1 2}1=1 x](t) (4)

2?;1 wi
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3. A time-decay function prioritizes recent data contributions:
o Ty =31, Ax(k)

4. The dynamic weight allocation refines personalization:
Shey  xi(k)e Pk

o w(t) = N, x0e PK

5. A recursive least squares approach ensures stability:
® Py =P +2L KX —P)

° K =2 PtitRj

6. The adaptive model adjusts to real-time variations:
o Po=X", Pyi+tviX;—Piy)

® VY = o 2m11|xt Pral

o Wy=Xity Wi+ 68X, —Wly)

7. Outlier detection removes anomalous data points:

e 0,=3%%, I(X;—ul>o)

8. Kalman filtering smooths the profile updates:

a. Ky =%, Peq(P—y+R)™"

b. P, = Z,1 (1—K)Pry

c. Re=XY", o%(Xp)

9. Feature selection adapts based on cumulative variance:
d V, =X, Wt(xl Z)Z

10. Predictive modeling forecasts future states:
oy =Xy WX,
o W, =27t Wi+ 24X — We-1)

11. The exponential smoothing function refines health trend analysis:

e S,=2r; aXe+ (- a;)Se—1

2
m

o o, =", —

L J=L N+

o Pr=Xk Pq+B(Xe— Py)

12. Anomaly response mechanisms dynamically adjust thresholds:
o 0, =2, I(X;—ul>20)

13. Outlier mitigation techniques refine stored profiles:

|Xi—p|
® 0y =2i, o

14. The refined profile undergoes final adjustments:

Iy
o Pr=Xi, Tai=1 X

® Py =2key Pt 6(Xe—P)

15. A confidence measure determines model accuracy:
o (=1 ot
=1—
l 1 25’:1 0.]2

(6)

(7)

(8)
€)

(10)
(11)

(12)
(13)
(14)

(15)
(16)

(17)

(18)
(19)

(20)
(21)
(22)

(23)

(24)

(25)
(26)

(27)
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1 2
e of =31, XL (X-X) (28)
® Py = Z?cn=1 P+ p (X, — P;) (29)
Notations:

P,: Personalized health profile at the time ¢.

w;: Weight assigned to feature i.

x;(t): Sensor reading of the feature i at time t.

n: Total number of features.

m: Number of historical time points considered.

Ak, Pr, Yir Ok, Aj» P, Oy - Adaptive coefficients for dynamic adjustments.
T,: Time-decayed contribution of past data.

K;: Kalman gain factor for profile correction.

W,: Weight matrix for feature selection.

0, Outlier detection function.

S;: Smoothed health trend at time t.

u: Mean of collected data points.

o2: Variance of data distribution.

V,: Cumulative variance for feature selection.

C;: Confidence level of the model’s predictions.

R;, R,: Covariance matrices for uncertainty modelling.

6;: Anomaly response function.

The system starts here. A bespoke model and standardization of sensor data establish a
health profile. Time-decay functions use current data for flexibility. Dynamic weight sharing
affects key variables when health parameters alter. Recursive least squares enhance profile
accuracy and stability when things change. An adjustable model updates health trends in real
time. Outlier detection and Kalman filtering eliminate incorrect readings and ensure data
interpretation. Feature selection improves models by considering total variable inputs. This
strategy predicts the future using past and current data. Exponential smoothing helps uncover
health patterns and outliers faster. To provide accurate health monitoring, anomaly reaction
techniques adjust dynamic limitations. Statistical enhancements are applied to final profile
adjustments, and confidence measures assess model reliability. Adjusting weights and
improving customized ideas completes the procedure. Dynamic scoring, real-time filtering,
and prediction algorithms provide smart health devices with accurate and tailored
information.
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Initialize Health Profile (Set Normalize Sensor Readings
Start 5 | initial welghés(;,t Eg)ollect sensor |5 (Apply feature scaling)
I I
v
Apply Time-Decay Function Dynamic Weight Adjustment Outlier Detection & Removal
(Prioritize recent data) S (Modify weights basedon | (Identify and exclude
trends) anomalies)
— I
\4
Apply Kalman Filtering Feature Selection (Optimize Predictive Modeling (Forecast
(Smooth health data —> | model by analyzing variance) ——> future health trends)
fluctuations)
v — |
Anomaly Detection & Response Confidence Evaluation (Assess Update Health Profile (Refine
(Adjust thresholds dynamically) —> prediction reliability) —> based on new insights)
v — |
Generate Personalized End
Recommendations —>

Fig.1. Adaptive Health Monitoring Flowchart for Generative Al-Driven Wearable Devices

Figure 1 shows the system for tracking health tailored for smart tech thanks to generative
Al. First, sensor data is collected. Next, it is normalized and time-decay corrected to show the
most recent numbers. Dynamic weight changes give you options, and outlier detection and
Kalman filtering make the data more accurate. Predictive modeling predicts trends, and
choosing the right features makes the model work as well as it can. To ensure continuous
adaptation, the system continuously scans for issues and adjusts limits as needed. Before
changing the health profile, a confidence rating ensures that the prediction can be trusted.
Finally, hyper-personalized healthcare tracking is possible with customized ideas based on
better insights.

Algorithm 2: Adaptive Predictive Optimization for Hyper-Personalized Health Monitoring

Step 1. Extract the preprocessed feature matrix from Algorithm 1 and apply weight
adjustments.

o X, =21, wix;(t) (30)
e P = Z;n:1 (ijt—j (31)

Step 2: Compute prediction error and optimize weights dynamically.

o Ly=21, e _57\15)2 (32)
JdL
o W' =w; —aG, (34)

https://jitm.ut.ac.ir/
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Step 3: Update hidden state representation for sequential learning.
o H = Z?=1 YHi_ 4 +Z}n=1 (th—j (35)
Step 4: Compute feature correlation and attention weights.
o A =YMm, 2t (36)
t j=1 ] 2?:1 2y
Step 5: Adjust dynamic threshold for anomaly detection.
e D,=X, KkH + Zznﬂ X j (37)
Dy
e Or=2L1 & Ht ) (38)
t—i
Step 6: Compute latent state representations for prediction.
[ ] Zt = Z?:l BI.Ht + 271':1 p]Xt—] (39)
o M, =X}, mZk (40)
j=1 %
Step 7: Optimize feature relevance for model refinement.
Xe—i=Hi
« F=3, ATEH (41)
Step 8: Compute gradient-based correction and update model weights.
o G.=Ym_ 59t (42)
t Jj=1 J 6w]
e 0, =X, PBiGH+YL, {F (43)
Step 9: Update anomaly threshold dynamically.
n D¢_j
« 6 =3%L, & (44)
t—i
Step 10: Compute regularization constraints for model stability.
e Bi=X, yw + 271:1 PGt (45)
o A= st (46)
j=1 Bj
|G
Step 11: Compute prediction confidence and refine estimations.
o =X piHAXL (X (48)



141

C.
]

e R, =)M"
t J=1 Z;cnzl Ck

Step 12: Compute health risk score and generate alerts.

—yn Xe—i—pl
o 5 = i=1 A p

Step 13: Update final health profile with refined weights.

o« PP=31, wiX(®O+XL, &H.;

P
—ym J
o Wt—2j=1 m

*
k=1 Pk

o (= Z?=1 YW, + Zznzl (J'Gt

Step 14: Generate personalized health recommendations.

o R = Z?=1 piH: + 21]11:1 (iXi—j
|G-l

gj

D .

— n t—i

e 0, = i=1 $i )
Ht—L

— m
o U = j=1

Step 15: Finalize model adjustments and store in memory.

Z

_\ym k
i Mt_2k=1 m_ .
j=1 J

pr

_y'm J

e W, = )"
t =1 m

] k=1 P

e By=2, viw +X7, p;G;
Notations:

e X, :Feature matrix at time t.

e w; : Optimized weight for feature i.
e P, :Predicted feature set at time t.

e ¢;: Weight coefficient for past observations.
e L, :Loss function at time t.

e G, : Gradient of loss function.

e 7, : Learning rate coefficient.

e «: Step size for weight updates.

e H.t:Hidden state representation at time t.

e 1; : Weight for previous hidden states.

e (;:Transformation weight for input features.

(49)

(50)

(51)

(52)
(53)

(54)
(55)

(56)

(57)

(58)
(59)
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e A, :Attention weight at time ¢.
e 7;: Scaling factor for attention computation.

e (), : Weighted sum of feature importance.

e D, :Dynamic threshold for anomaly detection.
e k; : Contribution factor for hidden state.

e 0, : Adjusted anomaly detection threshold.

e ¢; : Scaling coefficient for threshold adaptation.
e Z,:Latentrepresentation for prediction.

e M, : Normalized latent state value.

e B, :Regularization constraint value.

e ¥;: Regularization weight for stability.

e R, :Prediction confidence score.

e S;:Computed health risk score.

e P; :Refined personalized health profile.

e W, : Normalized personalized prediction weight.
e U, : Uncertainty factor in feature relevance.

Adaptive predictive optimization for hyper-personalized health monitoring enhances
Algorithm 1's health evaluation. This technique improves real-time health monitoring with
dynamic weight fluctuations and sequence learning. We adjust the weight once we obtain the
greatest health features to increase forecast accuracy. To eliminate prediction errors, gradient-
based optimization is applied. Attention strategies alter the emphasis on critical health
markers quickly. Latent state models improve predictions, and flexible bounds detect outliers.
System regularization criteria prevent overfitting and stabilize it. Changing confidence scores
are used to verify forecast accuracy before updating the final health profile. This technique
generates individualized suggestions using the finest previous and real-time health data. Since
the model updates its weights and features to reflect long-term health changes, the smart
device's forecasts become more accurate. The program's adaptive memory improves
judgments over time. This speeds up and personalizes healthcare.
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Start
2
Input Data: Collect real-time physiological and environmental data from wearable sensors
\Z
Preprocessing: Clean, normalize, and filter noise from collected data
2
Feature Extraction: Identify key health indicators using signal processing techniques
N\
Algorithm 1 Execution: Apply generative Al for initial health trend analysis
\~Z
Personalization Layer: Adjust model parameters based on user-specific health history
N\
Algorithm 2 Execution: Enhance predictive accuracy with refined adaptive learning
\~Z
Anomaly Detection: Identify health anomalies and risk factors
N\
Decision Module: Generate alerts, recommendations, or intervention strategies
\~Z
Output & Feedback: Provide real-time insights to the user and healthcare providers
2
Continuous Learning: Update model based on user feedback and new data
N\
End

Fig.2.Generative Al-driven adaptive health monitoring process for wearable devices.

Figure 2 displays an adaptable health tracking system for smart tech that is powered by
creative Al. It starts with collecting real-time sensor data and then cleans it up to get rid of
noise. It gets back the important parts, and Algorithm 1 looks at the first health trends. The
customizing layer changes predictions based on past user behavior before Algorithm 2
improves the predictive modeling. Anomaly detection finds strange things and helps decide
what to do or warn about them. Since the program is always learning from input, it gets better
over time. This circle of iterative promises dynamic, personalized health tracking, which
improves proactive healthcare management.

Algorithm 3: Advanced Adaptive Health Optimization
Algorithm Steps

1. Initialize enhanced model parameters using output from Algorithm 2 and apply weight
updates.

https://jitm.ut.ac.ir/
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[ Wt+1 = Wt - (ZVL,_- (60)

2. Process refined health data by integrating newly collected sensor values and past
predictions.

o X=X +X1 ¢iPa (61)
o Ho=0o(Z, ¥;Xj) (62)
o A, =1-H, (63)

3. Extract the critical feature set from the combined health dataset.

o 0, =% GXi (64)
o 7, =a(Q,) (65)

4. Adjust feature weighting dynamically based on personal health trends.

o W =W, +XI_, KZ (66)
® Bp=yXi-1 Wy (67)

5. Update latent health state representation with optimized personalized weight factors.

o M, =X, &bB; (68)
o R, = Z}ﬂ:l M, - 6; (69)
o S, =0(R,) (70)

6. Apply an advanced anomaly detection mechanism using probability thresholds.
o D=2t A4S (71)
7. Compute real-time prediction confidence score based on historical accuracy.

o U :Z}nﬂ B;D, (72)

Ut
e O, = 73
t 1i1=1 VVL* ( )

8. Refine predictive model outputs with enhanced interpretability.

® Pi=2in wb (74)
9. Apply personalized threshold tuning to optimize decision-making.

o T, =X/t piP; (75)
o Z;=a(Ty) (76)
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10. Update health risk assessment metrics dynamically.

o Si=XY, 6iZ (77)
® Ri=2L Si-v (78)
o P/ =0d(R}) (79)

11. Adaptively refine the model based on personalized feedback.
o W =W +2Xkor AP (80)
12. Iterate the model for continuous learning and improvement.

o Ui =27, BW (81)

* Ug
® Gt =W (82)

13. Ensure system stability through adaptive regularization.

® R =21 vibe (83)
o S =0a(R}) (84)

14. Generate final personalized health insights and provide real-time feedback.

o Mi=Xl, &S (85)
. Ptfmal = a(M;) (86)
o WU =W 4R (87)
Notations:

W, represents the weight vector updated iteratively to minimize loss L.

X; represents the refined health data combining past and real-time inputs.

H, is the hidden state computed using learned parameters.

A, and D, denote feature importance weights and anomaly detection metrics, respectively.
Z, captures the transformed health indicator values.

R, represents risk assessment, while S, computes overall health stability.

P! and P;* refer to sequentially refined personalized health profiles.

0, and 6; are threshold values for decision-making.

M, represents a personalized model update metric.

R;™ incorporates regularization constraints for system stability.

Sy and P/™* denote final predictive insights.

Wtf mal ensures optimal model adaptation to personalized healthcare conditions.

Algorithm 3 enables individualized, flexible health care with better sensory data and deep,
creative Al. We use Algorithm 2's superior findings to dynamically modify model weights to
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enhance predictions. The system combines past and current bodily data. It then extracts vital
health indicators via feature transformation. Adaptable thresholding and multi-level aberrant
spotting improve risk assessment for individualized health monitoring. The model constantly
optimizes weight factors, and regularization maintains stability. Real-time comments modify
forecast confidence ratings. The customization layer employs adjustable decision-making
criteria to increase health information precision and prediction accuracy. Constant learning
improves health profiles, adapts to health trends, and changes the model's real-time usage.
Advanced standardization approaches make risk assessments simpler to add data to, making
anomalies easier to discover. Final health insights use the best prediction stability ranking.
Customers get hyper-personalized health recommendations in real time. A better model
structure is crucial for enhancing flexible wearable healthcare monitoring. It makes health
evaluation smart, data-driven, and proactive.

Start — Initialize system parameters and load Algorithm 2 outputs
Data Acquisition — Collect real-time health data and retrieve past records
Feature Extraction — Identify critical health indicators using weighted transformation
Anomaly Detection — Apply threshold-based anomaly identification
Risk Assessment — Compute personalized health risk metrics
Threshold Adjustment — Dynamically update risk thresholds.

Model Update — Optimize model weights using feedback mechanisms
Predictive Analysis — Generate health predictions based on refined data
Decision Optimization — Apply personalized decision thresholds for recommendations
Final Insights — Generate real-time personalized health insights

End — Store results and prepare for the next iteration

Fig.3.Adaptive Health Monitoring Flowchart

The ordered steps of Algorithm 3, which is based on Algorithm 2, for flexible health
tracking can be seen in Figure 3. It starts with starting up the system and collecting data,
which gets health information from the past and the present. Using feature extraction, the
important health signs are found. This is followed by finding outliers and judging the risk.
Changing dynamic thresholds makes risk measures more accurate, which leads to model
updates through feedback loops. Using decision limits to get the best results, predictive
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analysis gives each person unique health information. Lastly, the system makes ideas in real
time and plans the next version, so it can keep an eye on things and keep getting better.

Results

Generative Al-driven hyper-personalized devices perform better than conventional and Al-
based smart health solutions. To determine their usefulness, health prediction accuracy, real-
time tracking speed, user behavior response, data integration quality, system response time,
and data safety and security were examined. With 94% accuracy, generative Al-driven
systems predict health best. which is substantially lower than the Al-driven systems' score
78%, substantially lower. Similar trends are evident in real-time tracking efficiency.
Generative Al wearables can analyze real-time data 93% efficiently. Human behavior
adaptability is also crucial. Generative Al-based solutions can tailor healthcare monitoring
92% better than others. Generative Al-based devices integrate data best (95%), making them
ideal for long-term health surveillance. System response time matters in wearable healthcare.
Normal wearables take 250 milliseconds, whereas generative Al responds in 90 milliseconds.
Finally, smart healthcare devices powered by generative Al have greatly improved data
privacy and security, a growing issue in digital healthcare.

Personal data is better protected by these gadgets with 96% security. Research examines
how much energy it needs, how well it functions, how simple it is to use and wear, how the
system can be extended and changed, and how much it costs. Smart electronics need excellent
battery life. Generative Al-based systems have the greatest battery life, 32 hours against 18
hours for normal systems. Creative Al-based devices get 9.5/10 utility and user experience
rankings, indicating a well-designed and easy-to-use design. Comfort matters too. Generative
Al-driven systems scored 9.3/10, making them more versatile and user-friendly than
traditional devices. Scalability measures how well smart medical devices can handle more
data sources and functions. Generative Al-based systems score the highest (9.2/10) in this
area. For individualized healthcare monitoring, generative Al devices are highly customizable
(9.4/10).

This suggests they can adapt fast to consumer health demands. Cost-effectiveness, which
considers performance and price, is greatest for generative Al-driven devices at 9.1/10. They
are thus the most probable for widespread usage. The study discovered that traditional, Al-
enhanced, and machine learning-based systems did not do as well as generative Al-driven
hyper-personalized smart healthcare devices in all important ways. Accurate, efficient,
versatile, safe, and cost-effective, they are the most current and dependable option for real-
time health monitoring and tailored digital healthcare.
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Table 3. Performance Comparison of Wearable Healthcare Devices Based on Core Functional

Parameters
Mach_lne Deep Learning- Generative Al-
. Al- Learning- .
Traditional Based Driven Hyper-
Performance Enhanced Based . d
Wearable . Personalized Personalized
Parameter Wearable Adaptive
Systems Health Wearable
Systems Health . .
Monitori Analytics Healthcare Devices
onitoring
Accuracy of Health
Predictions (%) 8 8 88 %0 %
Real-Time
Monitoring 72 82 86 89 93
Efficiency (%)
Adaptability to User
Behavior (%) 68 80 83 87 92
Data Integration
Quality (%) 74 84 87 91 95
System Response 250 180 140 110 90
Time (ms)
Data Privacy and
Security (%) 70 83 88 92 96

Table 3 compares six important performance factors across various smart medical devices.
The hyper-personalized portable healthcare system powered by generative Al is better than
traditional and Al-based systems in terms of getting things right, tracking in real time,
freedom, data integration, response time, and safety. Notably, it can make accurate predictions
94% of the time and reacts in 90 ms, showing that it is more efficient and reliable. The system
automatically mixes health trends that are unique to each person, which makes it more
flexible. Health data that is sensitive is even better protected by new security measures. Such
protection makes the tool for real-time health monitoring more lasting and reliable. The
results indicate that it can quickly and accurately provide highly personalized health

information.
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Fig.4 Performance comparison of wearable healthcare devices based on core functional
parameters

Figure 4 shows six performance measures, including how accurate health predictions are,
how well real-time monitoring works, how well it adapts to user behavior, how well data is
integrated, how fast the system responds, and how safe and private the data is. The five
categories are Traditional Wearable Systems, Al-Enhanced Wearable Systems, Machine
Learning-Based Adaptive Health Monitoring, Deep Learning-Based Personalized Health
Analytics, and Generative Al-Driven Hyper-Personalized Wearable Healthcare Devices. Each
bar represents a different type of healthcare wearable system. The generative Al-driven
system always does an impressive job, especially when it comes to accuracy (94%), security
(96%), and reaction time (90 ms), which indicates that it is the best at real-time, secure, and
personalized health tracking.

https://jitm.ut.ac.ir/
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Table 4. Performance Evaluation of Wearable Healthcare Devices Based on Usability and

Scalability
Machine Generative Al-
- ) Learning- Deep Learning- Driven Hyper-
Performance Traditional Al-Enhanced Based Based Personalized
Wearable Wearable . .
Parameter Svstems Svstems Adaptive Personalized Wearable
Y Y Health Health Analytics Healthcare
Monitoring Devices
Energy
Consumption and
Efficiency 18 24 27 29 32
(Battery Life in
Hours)
Usability and User
Experience
(Satisfaction 6.8 8.2 8.5 9.0 9.5
Score /10)
Wearability and
Comfort (/10) 7.1 8.0 8.3 8.8 9.3
Scalability of the
System (/10) 6.5 7.8 8.2 8.7 9.2
Customization
Capabilities (/10) 6.0 S 8.0 86 9.4
Cost-Effectiveness
(Score /10) 55 7.2 7.8 8.5 9.1

Table 4 lists six further performance indicators that assess cost, ease of use, comfort,
scalability, and customization. Generative Al-powered portable healthcare excels in all other
areas. It offers the longest battery life (32 hours), highest use score (9.5/10), and most
customization choices (9.4). Its scaling score (9.2/10) suggests that it can adapt to diverse
health circumstances and may be worn for a long time since it is more comfortable.
Effectiveness increases with individualized guidance and resource optimization. These
findings suggest that it can deliver a flexible, user-centered, and successful healthcare
tracking experience, outperforming traditional and Al solutions.
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Fig.5.Performance Evaluation of Wearable Healthcare Devices Based on Usability and
Scalability

Figure 5 displays six more performance factors. These are energy efficiency, usefulness,
wearability, growth, customization, and cost-effectiveness. Each patch shape in the picture
represents a personal health system. The creative Al-powered system has the biggest
protected area and the best scores in every category (9.5/10 for usage, 9.4/10 for
customization, and 32 hours of battery life, for example). Traditional methods occupy the
smallest area, indicating their least flexibility and efficiency. This video shows how the
generative Al model has grown, making it the smartest and most user-friendly way to watch
healthcare in a way that fits their needs.

Conclusion

Finally, hyper-personalized portable healthcare solutions guided by generative Al outperform
conventional and Al-enhanced options. Using dynamic data processing, predictive modeling,
and flexible learning, the system improves health exam accuracy, stability, and utility. These
systems are ideal for real-time health monitoring because they can discover outliers and

https://jitm.ut.ac.ir/
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anticipate trends using recursive least squares estimation, Kalman filtering, and flexible
weighting methods. The research found that generative Al-driven devices outperform regular
wearables in health prediction, real-time tracking, system response, and data safety. These
technologies are cheaper, easier to use, and scalable, making them a viable alternative for
digital healthcare. Because they learn and develop, these devices can adapt to changing health
conditions. This ensures top-notch healthcare for everyone. To conclude, innovative Al-
powered, individualized smart healthcare devices advance digital health monitoring. They
provide precise, adaptable, and safe health evaluations, making them the most sophisticated
and dependable healthcare applications. Researchers should improve Al-driven adaptability
and develop other uses for these technologies in healthcare beyond Al.

Conflict of interest

The authors declare no potential conflict of interest regarding the publication of this work. In
addition, the ethical issues including plagiarism, informed consent, misconduct, data
fabrication and, or falsification, double publication and, or submission, and redundancy have
been completely witnessed by the authors.

Funding

The author(s) received no financial support for the research, authorship, and/or publication of
this article.



153

References

Al Foundations Part 1: Transformers, Pre-Training and Fine-Tuning, and Scaling. (n.d.). Retrieved
March 22, 2025, from https://www.fabricatedknowledge.com/p/ai-foundations-part-1-transformers

Aydin, O., & Karaarslan, E. (2022). OpenAl ChatGPT generated literature review: Digital twin in
healthcare. SSRN Electronic Journal. https://doi.org/10.2139/ssrn.4308687

Chen, L., Gu, Y., Ji, X,, Sun, Z., Li, H., Gao, Y., & Huang, Y. (2020). Extracting medications and
associated adverse drug events using a natural language processing system combining knowledge
base and deep learning. Journal of the American Medical Informatics Association: JAMIA, 27(1),
56-64. https://doi.org/10.1093/jamia/ocz141

Dale, R. (2020). GPT-3: What’s it good for? Natural Language Engineering, 27(1), 113-118.
https://doi.org/10.1017/s1351324920000601

Dragon Medical One | Microsoft Cloud for Healthcare. (n.d.). Retrieved March 22, 2025, from
https://www.microsoft.com/en-us/health-solutions/clinical-workflow/dragon-medical-one

Eysenbach, G. (2023). The role of ChatGPT, generative language models, and artificial intelligence in
medical education: A conversation with ChatGPT and a call for papers. JMIR Medical Education,
9, e46885-e46885. https://doi.org/10.2196/46885

Introducing Microsoft 365 Copilot — your copilot for work. (n.d.). Retrieved March 22, 2025, from
https://news.microsoft.com/reinventing-productivity/

Jain, A., & Raja, R. (2023). Automated novel heterogeneous meditation tradition classification via
optimized chi-squared 1DCNN method. Journal of Information Technology Management,
15(Special Issue: Elntelligent and Security for Communication, Computing Application (ISCCA-
2022)), 1-22. https://doi.org/10.22059/jitm.2023.95223

Jain, A., Raja, R., Kumar, M., & Verma, P. K. (2025). A novel classification of meditation techniques
via optimised chi-squared 1D-CNN method based on complexity, continuity and connectivity
features. Connection Science, 37(1). https://doi.org/10.1080/09540091.2025.2467387

Kilicoglu, H., Shin, D., Fiszman, M., Rosemblat, G., & Rindflesch, T. C. (2012). SemMedDB: A
PubMed-scale repository of biomedical semantic predications. Bioinformatics (Oxford, England),
28(23), 3158-3160. https://doi.org/10.1093/biocinformatics/bts591

Lecler, A, Duron, L., & Soyer, P. (2023). Revolutionizing radiology with GPT-based models: Current
applications, future possibilities and limitations of ChatGPT. Diagnostic and Interventional
Imaging, 104(6), 269-274. https://doi.org/10.1016/j.diii.2023.02.003

Liu, S., Wright, A. P., Patterson, B. L., Wanderer, J. P., Turer, R. W., Nelson, S. D., McCoy, A. B,
Sittig, D. F., & Wright, A. (2023). Using Al-generated suggestions from ChatGPT to optimize
clinical decision support. Journal of the American Medical Informatics Association: JAMIA, 30(7),
1237-1245. https://doi.org/10.1093/jamia/ocad072

Patel, C. R., Pandya, S. K., & Sojitra, B. M. (2023). Perspectives of ChatGPT in pharmacology
education, and research in health care: A narrative review. Journal of Pharmacology and
Pharmacotherapeutics, 14(3), 171-177. https://doi.org/10.1177/0976500X231210427

Rahaman, M. S., Ahsan, M. M. T., Anjum, N., Rahman, M. M., & Rahman, M. N. (2023). The Al race
is on! Google’s Bard and OpenAI’s ChatGPT head to head: An opinion article. SSRN Electronic
Journal. https://doi.org/10.2139/ssrn.4351785

Sallam, M. (2023). ChatGPT utility in healthcare education, research, and practice: Systematic review
on the promising perspectives and valid concerns. Healthcare (Basel, Switzerland), 11(6), 887.
https://doi.org/10.3390/healthcare11060887


https://www.fabricatedknowledge.com/p/ai-foundations-part-1-transformers
https://doi.org/10.2139/ssrn.4308687
https://doi.org/10.1093/jamia/ocz141
https://doi.org/10.1017/s1351324920000601
https://www.microsoft.com/en-us/health-solutions/clinical-workflow/dragon-medical-one
https://doi.org/10.2196/46885
https://news.microsoft.com/reinventing-productivity/
https://doi.org/10.22059/jitm.2023.95223
https://doi.org/10.1080/09540091.2025.2467387
https://doi.org/10.1093/bioinformatics/bts591
https://doi.org/10.1016/j.diii.2023.02.003
https://doi.org/10.1093/jamia/ocad072
https://doi.org/10.1177/0976500X231210427
https://doi.org/10.2139/ssrn.4351785
https://doi.org/10.3390/healthcare11060887

Generative Al-Driven Hyper Personalized Wearable.../ Ramgopal Kashyap 154

Savage, N. (2023). Drug discovery companies are customizing ChatGPT: Here’s how. Nature
Biotechnology, 41(5), 585-586. https://doi.org/10.1038/s41587-023-01788-7

Sniegula, A., Poniszewska-Maranda, A., & Chomatek, £. (2020). Towards the named entity
recognition methods in biomedical field. In Lecture Notes in Computer Science (Including
Subseries Lecture Notes in Artificial Intelligence and Lecture Notes in Bioinformatics) (Vol. 12011
LNCS, pp. 375-387). https://doi.org/10.1007/978-3-030-38919-2_31

Technology - Suki Al. (n.d.). Retrieved March 22, 2025, from https://www.suki.ai/technology/

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., Kaiser, L., &
Polosukhin, I. (2017). Attention is all you need. In I. Guyon, U. Von Luxburg, S. Bengio, H.
Wallach, R. Fergus, S. Vishwanathan, & R. Garnett (Eds.), Advances in Neural Information
Processing Systems (Vol. 30). Curran Associates, Inc.
https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053clc4a845aa-
Paper.pdf

Wu, S. T., Sohn, S., Ravikumar, K. E., Wagholikar, K., Jonnalagadda, S. R., Liu, H., & Juhn, Y. J.
(2013). Automated chart review for asthma cohort identification using natural language processing:
An exploratory study. Annals of Allergy, Asthma & Immunology: Official Publication of the
American  College of  Allergy, Asthma, & Immunology, 111(5), 364-369.
https://doi.org/10.1016/j.anai.2013.07.022

Wu, Y., Xu, J., Jiang, M., Zhang, Y., & Xu, H. (2015). A study of neural word embeddings for named
entity recognition in clinical text. AMIA Annual Symposium Proceedings, 2015, 1326.
https://pmc.ncbi.nlm.nih.gov/articless/PMC4765694/

Xue, V. W., Lei, P., & Cho, W. C. (2023). The potential impact of ChatGPT in clinical and
translational medicine. Clinical and Translational Medicine, 13(3), €1216-e1216.
https://doi.org/10.1002/ctm2.1216

Yan, J. (2021). Text mining with R: A tidy approach, by Julia Silge and David Robinson. Sebastopol,
CA: O’Reilly Media, 2017. ISBN 978-1-491-98165-8. XI + 184 pages. Natural Language
Engineering, 28(1), 137-139. https://doi.org/10.1017/s1351324920000649

Zaoui, l., Hallem, Y., Nasr, I. B.,, & Bougatfa, S. (2025). Enhancing generative Al usage for
employees: Key drivers and barriers. Journal of Information Technology Management, 17(Special
Issue on Strategic, Organizational, and Social Issues of Digital Transformation in Organizations),
24-54. https://doi.org/10.22059/JITM.2025.100696

Zhang, P., & Kamel Boulos, M. N. (2023). Generative Al in medicine and healthcare: Promises,
opportunities and challenges. Future Internet, 15(9), 286. https://doi.org/10.3390/F115090286

Bibliographic information of this paper for citing:

Kashyap, Ramgopal; Jain, Abhishek; Ahamad, Suhel; Soni, Aradhana & Behar, Nishant
(2025). Generative Al Driven Hyper Personalized Wearable Healthcare Devices a New
Paradigm for Adaptive Health Monitoring. Journal of Information Technology Management,
17 (Special Issue), 130-154. https://doi.org/10.22059/itm.2025.102925

Copyright © 2025, Ramgopal Kashyap, Abhishek Jain, Suhel Ahamad, Aradhana Soni and
Nishant Behar


https://doi.org/10.1038/s41587-023-01788-7
https://doi.org/10.1007/978-3-030-38919-2_31
https://www.suki.ai/technology/
https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://doi.org/10.1016/j.anai.2013.07.022
https://pmc.ncbi.nlm.nih.gov/articles/PMC4765694/
https://doi.org/10.1002/ctm2.1216
https://doi.org/10.1017/s1351324920000649
https://doi.org/10.22059/JITM.2025.100696
https://doi.org/10.3390/FI15090286
https://doi.org/10.22059/jitm.2025.102925

