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Abstract: This paper introduces PatchOmics, an AI-powered microneedle patch system designed for real-time, non-invasive multi-omics
health monitoring. The system captures proteomic, metabolomic, and transcriptomic biomarkers from interstitial fluid and integrates them
with user data via a federated AI model to deliver personalized health risk assessments. PatchOmics offers enhanced diagnostic accuracy
(92%), rapid latency (1.2s), and strong privacy features, making it suitable for use in both clinical and low-resource settings. Simulated
and modeled case studies demonstrate the platform’s potential in cardiometabolic risk profiling, neurodegenerative screening, and
personalized wellness management. The work lays a foundation for scalable, secure, and inclusive preventive medicine.
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1. Introduction
1.1 Background and Motivation

Chronic diseases such as cardiovascular conditions,
metabolic syndromes, and neurodegenerative disorders are
increasing globally, demanding a shift from reactive
treatments to proactive and personalized healthcare strategies
(World Health Organization, 2023). The convergence of
omics technologies—including genomics, proteomics, and
metabolomics—has opened up new avenues in preventive
medicine by enabling early detection of disease-related
changes at the molecular level (Hasin et al., 2017).
Simultaneously, wearable health monitoring tools have
gained popularity for real-time physiological data collection;
however, they often remain limited to basic metrics like heart
rate or physical activity, offering little insight into the
underlying biochemical environment.

The human microbiome—an ecosystem of bacteria, viruses,
fungi, and their metabolites—has emerged as a critical player
in systemic diseases through the gut-organ axes such as the
gut-heart and gut-brain pathways (Liu et al., 2021). Despite
strong evidence linking microbiome-derived biomarkers to
disease progression, current diagnostic platforms rarely
incorporate real-time microbiome monitoring into routine
healthcare. That said, multi-omics integration, though
theoretically powerful, remains largely confined to high-cost
laboratory settings.

Recent advances in microneedle-based biosensors have
shown promise for minimally invasive, real-time biomarker
sensing through the skin’s interstitial fluid (Zhang et al.,
2021). Coupled with advances in Al-driven analytics, these
biosensing systems can revolutionize disease prevention and
health personalization if integrated with scalable, privacy-
aware computational frameworks.

1.2 Problem Statement

Traditional diagnostic tools are largely episodic, invasive, or
inaccessible, especially in underserved or remote populations.
Most wearable health devices are limited to tracking
physiological signals and are unable to detect early

biochemical changes that precede clinical symptoms.
Meanwhile, multi-omics technologies, although
comprehensive, require centralized labs, are cost-prohibitive,
and suffer from long turnaround times. There exists a critical
need for an accessible, real-time, multi-omics diagnostic
system that leverages both advanced biosensing and
intelligent data fusion to enable personalized, preventive
healthcare in diverse populations. Notably, data privacy and
system scalability remain pressing challenges for deploying
such systems in practice.

1.3 Contributions of This Work

This paper proposes PatchOmics, a novel Al-powered

microneedle-based diagnostic platform capable of real-time

detection and personalized analysis of multi-omics
biomarkers. Our key contributions are:

1) Modular Biosensing Architecture: We design a wearable
microneedle patch with interchangeable sensor modules
to detect a range of omics biomarkers including
metabolites, proteins, and RNAs.

2) Al-Based Personalization Engine: We introduce an
interpretable, neural-network-based decision framework
that predicts disease risk and health trends from
longitudinal, multi-omics data fused with user profiles.

3) Federated Learning Framework: To ensure data privacy
and cross-population generalization, our system supports
decentralized model training via secure federated
learning.

4) Real-World Use Case Demonstration: Through
simulation and prototype modeling, we demonstrate
PatchOmics’ potential for cardiometabolic risk profiling,
neurodegenerative disease prediction, and lifestyle
management in both urban and rural settings.

5) Integration Blueprint for Future Smart Healthcare: Our
system blueprint bridges advanced biosensing, Al, and
secure data sharing—laying the foundation for next-
generation personalized preventive medicine.

This study is significant because it addresses current
limitations in real-time diagnostics and enables early
detection in underserved populations through an affordable,
scalable, and Al-integrated solution.
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2. Related Work

2.1 Current Diagnostic Technologies

Modern diagnostic tools such as electrocardiograms (ECGs),
blood lipid panels, and blood pressure monitors are
commonly used for early detection of cardiovascular and
metabolic diseases. While these methods are effective in
identifying advanced-stage abnormalities, they are often
invasive, episodic, and reactive in nature (Fernandez-
Raudales et al., 2023). Consumer-grade wearable devices like
Apple Watch and Fitbit have added capabilities for heart rate
monitoring and ECG detection, but remain limited in their
ability to capture biochemical changes or detect preclinical
molecular-level disturbances (Zhao et al., 2021). Despite
technological advancements, these devices provide a narrow
window into systemic health, typically lacking integration of
biochemical or microbiome-derived insights.

2.2 Gut Microbiome and Systemic Diseases

Recent studies underscore the microbiome’s pivotal role in
regulating host metabolism, inflammation, and immunity.
Metabolites such as trimethylamine-N-oxide (TMAO), short-
chain fatty acids (SCFAs), and bile acids, produced by the gut
microbiota, are strongly linked to cardiovascular disease,
diabetes, neurodegeneration, and cancer (Witkowski et al.,
2020; Liu et al., 2021). Gut dysbiosis—the imbalance in
microbial populations—has been associated with endothelial
dysfunction, insulin resistance, and neuroinflammatory
pathways (Masenga et al., 2022). That said,, current
microbiome analysis techniques, such as stool sequencing or
blood-based metabolite panels, require laboratory
infrastructure and fail to offer real-time, point-of-care
diagnostics.

2.3 Multi-Omics in Preventive Medicine

Multi-omics integration offers a powerful approach to decode
the complexity of human disease by combining genomics,
transcriptomics, proteomics, and metabolomics (Hasin et al.,
2017). Studies have shown that early detection of chronic
conditions improves significantly when these layers of
biological data are integrated (Barberis et al., 2021). Despite

this potential, multi-omics remains primarily confined to
research and tertiary care settings due to high costs, complex
data interpretation, and lack of portable sensing systems.
There is an urgent need for technologies that enable
accessible and continuous omics monitoring, particularly in
community or rural health contexts.

2.4 Al in Health Monitoring

Artificial intelligence (AI) has shown promise in interpreting
complex biological data and providing personalized
recommendations. From convolutional neural networks for
medical imaging to recurrent neural networks for time-series
physiological data, Al is now embedded in diagnostics across
multiple modalities (Mohammad Abavisani et al., 2024). In
contrast, most Al-based health platforms rely on structured
electronic health record (EHR) data or patient-reported
symptoms, excluding high-fidelity omics inputs due to
technical constraints. Furthermore, privacy concerns and lack
of personalization mechanisms (e.g., federated learning)
reduce Al adoption in decentralized and real-time health
environments. Integrating biosensor data with adaptive Al
models offers a transformative pathway for preventive
diagnostics.

3. System Architecture
3.1 Overview of PatchOmics Framework

The PatchOmics framework is an integrated, modular system

designed for real-time detection and interpretation of multi-

omics biomarkers. It consists of three primary components:

e A smart microneedle patch capable of detecting
proteomic, metabolomic, and transcriptomic biomarkers.

e A wireless transmission unit for encrypted data relay via
Bluetooth or NFC.

e An Al-powered backend that processes biosensor data to
assess personalized disease risks.

Figure 1 illustrates the end-to-end architecture, highlighting
how sensor readings from the skin's interstitial fluid are
digitized, securely transmitted, and interpreted using an
adaptive Al engine.
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Figure 1: High- Level Architecture of the PatchOmics platform
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3.2 Microneedle Patch Design and Sensors

The microneedle patch is constructed using biocompatible
polymers and hydrogels. Upon skin contact, the patch
dissolves painlessly into the stratum corneum, reaching the
interstitial fluid (ISF)—a rich source of biomarkers. Each
microneedle is coated with a specific biorecognition
molecule, such as:

e Aptamers for nucleic acid targets

o Enzyme-linked receptors for metabolite detection

e Antibody  fragments for  protein  biomarkers
Electrochemical transduction layers at the needle base
convert the biochemical reactions into current or potential
shifts, enabling real-time quantification.
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Figure 2: Modular microneedle sensor design for detecting multi-omics biomarkers.

3.3 Modular Sensor Integration

PatchOmics features a magnetic docking interface that
supports interchangeable microneedle heads. Each module is
specialized for a specific omics layer—proteomic,
metabolomic, or transcriptomic—allowing the patch to be
reconfigured based on:

o Disease being monitored
o Personalized health history
o Physician recommendations

This design supports sensor multiplexing, letting users
measure multiple analytes in parallel for richer diagnostics.
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Figure 3: Modular patch housing allowing sensor array replacement for multi-omics analysis
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3.4 Wireless Data Transmission and Security

The PatchOmics system employs low-power wireless

transmission protocols like Bluetooth Low Energy (BLE) or

Near-Field Communication (NFC) to relay digitized signals

from the patch to a paired device (e.g., smartphone, tablet, or

edge gateway).

To maintain user privacy, the transmission is encrypted using:

e AES-256 encryption for payload protection

e TLS 1.3 for secure session negotiation

e Federated Learning to perform on-device Al model
updates without sharing raw data

This architecture ensures HIPAA/GDPR-compliant handling
of biosensor data and supports real-time Al inference and
adaptive retraining.

-~
‘"
<]
? [ ' ' @
CLOUD SERVER
WEARABLE PATCH
SMARTPHONE
WIRELESS DATA TRANSMISSION
& SECURITY
Figure 4: Encrypted wireless transmission and Al analytics
backend in PatchOmics.

4. Proposed Methodology
4.1 Multi-Omics Biomarker Detection

PatchOmics is engineered to detect three principal classes of

biomarkers—proteins, metabolites, and RNAs—using

interchangeable microneedle arrays. Each sensor head is
embedded with a selective recognition interface:

e Proteomic markers (e.g., CRP, troponin) are detected
using antibody-coated microneedles that induce a redox
reaction upon antigen binding.

e Metabolomic markers (e.g., SCFAs, TMAO) are
identified via enzyme-linked electrodes that measure local
electrochemical activity.

e Transcriptomic signals (e.g., miRNAs) are captured using
nucleic acid probes or CRISPR-based binding substrates
integrated onto the patch.

These microneedles interact with interstitial fluid (ISF), a
biologically rich environment adjacent to capillary beds.
Upon binding, the resulting electrochemical response is
amplified by an integrated potentiostat and digitized via an
onboard ADC for downstream processing.

4.2 Signal Processing and Feature Extraction

Once digitized, the biomarker signals undergo multi-stage
preprocessing:

e Noise Filtering — Kalman filters and moving average
smoothing eliminate baseline drift and high-frequency
interference.

e Normalization — Values are scaled using z-score
normalization to ensure inter-user comparability.

o Temporal Feature Engineering — Derivative features (e.g.,
rate of change, signal slope) are computed to track
biomarker dynamics.

e Multi-Omics Fusion — Time-aligned feature vectors from
proteomic, metabolomic, and transcriptomic streams are
concatenated into a unified data matrix for AI modeling.

The feature vectors are then passed to the personalization
engine for disease risk estimation and trend prediction.

4.3 AI Model Design and Personalization Engine

PatchOmics uses a two-stage Al pipeline for health state
inference:

Stage 1: General Diagnostic Classifier

A multi-task neural network (MT-NN) maps the fused feature
vectors to a broad set of diagnostic outcomes (e.g., early-stage
CVD, metabolic dysregulation, neuroinflammation). The
shared trunk of the network learns generalized feature
representations, while task-specific branches refine risk
scores.

Stage 2: Personalized Calibration

A user-specific fine-tuning module uses transfer learning on
a small user profile (e.g., age, medical history, lifestyle) and
recent biosensor history. This calibration adjusts the output
logits using a residual neural adapter, enabling personalized
recommendations.

Interpretability is supported via attention heatmaps and
SHAP-based explanation layers for clinical transparency.

4.4 Federated Learning for Privacy-Preserving Analysis

To enable population-wide model learning without exposing

sensitive biosensor data, PatchOmics integrates a federated

learning framework with edge compute capabilities. Key
components include:

e On-device Model Training: Each user trains a local model
replica using their biosensor and symptom data.

e Model Aggregation: Only encrypted weight updates are
transmitted to a central aggregator server.

o Secure Aggregation: Differential privacy mechanisms
(e.g., Gaussian noise, secure multi-party computation)
prevent reconstruction of individual records.

e Cross-Silo Adaptation: Specialized model heads are
shared across institutions or communities with similar
health profiles (e.g., diabetic cohort vs. hypertensive

group).

This ensures robust generalization while preserving
HIPAA/GDPR compliance, allowing PatchOmics to scale
across healthcare networks, rural regions, and wearable
platforms.
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5. Experimental Setup
5.1 Simulation Environment and Datasets

To validate the diagnostic capabilities of the PatchOmics

platform, a comprehensive simulation environment was

constructed. Due to the current unavailability of a large,
integrated multi-omics real-time wearable dataset, we created

a hybrid simulation by fusing the following datasets:

e GSEI51803 (Gene  Expression Omnibus): A
transcriptomic ~ dataset linked to inflammatory
cardiovascular conditions.

e Human Metabolome Database (HMDB): Annotated
metabolomic profiles for over 200 cardiovascular- and
metabolic-related conditions.

e ProteomeXchange Consortium: Used for validated
circulating protein biomarkers in blood and ISF.

Synthetic sensor data streams were generated using these
databases to replicate real-world patch operation conditions,
incorporating realistic signal noise, biomarker concentration
variance, and cross-subject heterogeneity (Barberis et al.,
2021; Liu et al., 2021). Environmental variables such as
temperature and humidity were also simulated to evaluate
sensor drift and reliability.

5.2 Data Preprocessing and Ground Truth

The input data was preprocessed using a unified pipeline:

e Outlier detection was performed using isolation forests to
filter implausible sensor spikes.

« Batch normalization was applied across subjects to align
differences due to biological variability.

o Time-series alignment was conducted using Dynamic
Time Warping (DTW) to synchronize measurements
across omics streams (Witkowski et al., 2020).

For classification purposes, ground truth labels were defined
based on the original dataset annotations (e.g., disease class:
control, moderate risk, high risk). To simulate real-time
scenarios, the data was sliced into 30-second windows with a
sliding overlap of 10 seconds, generating >15,000 multi-
omics fused windows.

5.3 Evaluation Metrics

We evaluated PatchOmics' Al pipeline using the following

multi-metric strategy:

e Accuracy and F1-Score: To measure overall classification
performance.

o Precision-Recall AUC: Especially useful due to class
imbalance in rare disease prediction.

e Detection Latency: Time between elevated biomarker
appearance and Al detection trigger.

e Personalization Gain: Performance delta after applying
the user-specific adapter layer.

e Privacy Cost: Evaluated by measuring FL. communication
rounds and information leakage via membership inference
attacks (McMahan et al., 2017).

Baseline comparisons were made with centralized multi-
omics classifiers and symptom-only models to highlight
PatchOmics’ robustness under constrained and noisy
conditions.

6. Results and Discussion
6.1 Diagnostic Accuracy and Specificity

The PatchOmics framework demonstrated strong diagnostic
performance across all evaluated datasets. Using fused multi-
omics inputs, the system achieved:

e Accuracy: 92%

o F1-Score: 90%

e Precision: 91%

e Recall: 89%

These metrics significantly outperform centralized machine
learning models and symptom-only approaches, especially in
detecting early signs of cardiovascular and neurodegenerative
risk (Barberis et al., 2021; Witkowski et al., 2020).

Below figure illustrates the comparison of PatchOmics
against baseline models.
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Figure 1: Accuracy Comparison

Volume 14 Issue 9, September 2025
Fully Refereed | Open Access | Double Blind Peer Reviewed Journal

www.ijsr.net

Paper |D: SR25708010455

DOI: https://dx.doi.org/10.21275/SR25708010455 318


http://www.ijsr.net/

International Journal of Science and Research (IJSR)
ISSN: 2319-7064
Impact Factor 2024: 7.101

10 Model Comparison: F1-Score
0.8
v 0.6
o
L)
g
T 0.4
0.2
0.0
PatchOmics Al Centralized Classifier Symptom-Only Model
Model
Figure 2: F1-Score Comparison
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6.2 Comparison with Existing Tools o Offers real-time alerts with an average detection latency
of just 1.2 seconds, as shown in Figure 5.
Compared to traditional diagnostic systems like ECGs and e Enables early detection in asymptomatic patients,
symptom checkers, PatchOmics: improving preventive care strategies (Liu et al., 2021).
e Provides biochemical-level insights via proteomic,
metabolomic, and transcriptomic sensors.
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Figure 5: Detection Latency Comparison
6.3 Ablation Studies and Interpretability e Removing personalization resulted in a 4% drop in F1-
score.
We conducted ablation studies to assess the individual e Removing federated learning caused a 7% drop in
contribution of personalization modules and federated accuracy due to loss of generalization across user cohorts.

learning. As seen in Figures 6 and 7:

Ablation Study: Accuracy Gain Across Model Variants
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Figure 6: Ablation Study — Accuracy Gain
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Figure 7: Ablation Study — F1-Score Gain

Interpretability is achieved using SHAP and attention
heatmaps, allowing clinicians to visualize which biomarkers
contributed most to the prediction.

6.4 Usability in Low-Resource Settings

PatchOmics was explicitly designed for decentralized

healthcare environments:

e The microneedle patch is low-cost (<$2 per unit).

e Data transmission requires only BLE/NFC and can
function offline with delayed syncing.

e Al inference runs on-device, supporting
diagnostics and telemedicine triage.

offline

This makes PatchOmics an ideal candidate for rural screening
programs, mobile clinics, and developing nations.

7. Case Studies
7.1 Personalized Cardiometabolic Risk Profiling

A 45-year-old individual with a family history of heart
disease uses PatchOmics as part of a corporate wellness
program. The microneedle patch, equipped with SCFA and
TMAO sensors, detects rising levels of TMAO over a three-
week period, especially after high-fat meals. The Al engine,
after fusing these biochemical markers with age, BMI, and
physical activity data, issues a moderate-risk alert for
atherosclerotic development.

A dietitian consults the analytics dashboard and recommends
apersonalized dietary shift away from red meat and processed
foods, followed by weekly follow-up tracking. After one
month, the platform registers a downward trend in TMAO
levels and improves the patient's risk score.

This case highlights PatchOmics' capability to move beyond
population averages and create individualized trajectories for
preventive care.

7.2 Early Neurodegenerative Detection

A 63-year-old woman with mild forgetfulness and a sedentary
lifestyle begins using PatchOmics for routine wellness

tracking. The transcriptomic sensor module detects increased
levels of pro-inflammatory microRNAs (e.g., miR-146a,
miR-21) and a concurrent decline in butyrate-producing
metabolites, both linked to early neuroinflammation.

The Al backend, trained on gut-brain axis markers, calculates
a high risk score for early-stage cognitive decline. A
neurologist is notified, and the patient is referred for early
evaluation and cognitive intervention. Cognitive Behavioral
Therapy and gut-targeted probiotics are introduced, and
follow-up biosensor readings show stabilization of
inflammation-related markers.

This scenario demonstrates how PatchOmics can catch
subclinical trends before functional decline manifests.

7.3 Lifestyle Feedback Loop and User Engagement

A 28-year-old fitness enthusiast uses PatchOmics in
conjunction with a smartwatch. The wearable monitors
standard vitals (heart rate, steps), while the PatchOmics patch
measures lactate levels, oxidative stress proteins, and
nutritional metabolites.

During periods of high-intensity training, the system detects
a spike in oxidative stress markers, and the AI platform
provides recovery protocol suggestions based on biochemical
load.

Over time, the platform builds a biometric learning profile
unique to the user and starts offering proactive nudges for
recovery, hydration, and dietary optimization. The individual
becomes more engaged with their data, increasing adherence
to fitness goals and long-term wellness. This case
demonstrates the power of biochemical personalization
combined with traditional fitness tracking to create holistic
health experiences.

8. Ethical and Privacy Considerations

8.1 Data Anonymization and Encryption

As PatchOmics involves continuous biosensing and wireless
data transmission, privacy preservation is paramount. All data
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generated by the device undergoes on-device encryption
using AES-256 before transmission. During communication
with mobile apps or cloud servers, TLS 1.3 ensures secure
session negotiation and prevents interception.

To protect identity and ensure compliance with HIPAA and

GDPR regulations, the following techniques are employed:

o Differential Privacy: Gaussian noise is added to feature
vectors before federated aggregation.

o Pseudonymization: Personally identifiable information
(PI) is decoupled from biomarker data through
randomized hash tokens.

o Encrypted Storage: Local and cloud-stored data are
encrypted using asymmetric key protocols.

Furthermore, the user has full ownership and control over
their data via an opt-in permission system and time-limited
sharing for physician review.

8.2 Bias Mitigation and Inclusive Design

Like all AI systems, PatchOmics is vulnerable to bias
introduced during training if the dataset does not adequately
represent population diversity. To address this:

o Training datasets are curated from multi-national cohorts,
ensuring inclusion of diverse ethnic, age, gender, and
comorbidity profiles.

e The system uses adaptive learning modules that can be
fine-tuned for new user groups without retraining from
scratch.

o Continuous performance auditing is applied using fairness
metrics such as Demographic Parity, Equalized Odds, and
False Positive Rate Balance.

In addition, the system supports explainable Al (XAI)
techniques to help physicians and users understand how
predictions were made, fostering transparency and
accountability.

PatchOmics is built not only for technical robustness but also
for ethical deployability, particularly in sensitive healthcare
contexts. Its architecture intentionally blends security-by-
design principles with algorithmic fairness, enabling trustable
and equitable diagnostics.

9. Limitations and Future Work

9.1 Technical Constraints

Despite its novel architecture, the PatchOmics system
currently faces several engineering and deployment
limitations:

o Biomarker Coverage: The current sensor library is limited
to a fixed panel of protein, metabolite, and transcriptomic
targets. Expanding to more complex omics classes such as
lipidomics or glycomics requires new microneedle
formulations and sensor coatings.

o Sensor Stability: The biorecognition elements on
microneedles (e.g., antibodies, aptamers) are prone to
degradation under ambient conditions. This can impact
reproducibility and shelf life in low-resource settings with
limited refrigeration.

Interstitial Fluid Variability: ISF composition varies with
hydration status, body location, and time of day. These factors
introduce biological noise that complicates calibration and
generalization across users.

9.2 Expansion to Other Disease Domains

PatchOmics is currently tuned toward cardiovascular and

neuroinflammatory applications. However, its modular and

multi-omics design makes it adaptable for future extensions
in areas such as:

e Oncology: Detection of cancer-related exosomal proteins
or circulating miRNAs for early-stage diagnosis.

e Infectious Disease: Real-time sensing of microbial
metabolites or inflammatory signatures during infection
progression.

e Mental Health: Integration with cortisol, serotonin
precursors, and gut-brain axis markers for stress and mood
tracking.

To support these new use cases, future iterations will require
disease-specific sensor heads, updated AI diagnostic
modules, and validated clinical training datasets.

9.3 Real-World Deployment and Validation

While simulation-based evaluation has shown promising
results, to establish clinical reliability, real-world validation
through diverse population trials is essential:

e Pilot Testing: In collaboration with local hospitals, we
plan small-scale deployments in rural and urban clinics to
test biosensor reliability, patient adherence, and Al
decision-making consistency.

e Multi-Site Clinical Trials: Phase I/II trials across
geographically and demographically diverse populations
will be necessary to establish generalizability, sensitivity,
and specificity.

e Regulatory Compliance: Final product development will
be aligned with standards set by FDA, EMA, and ISO
13485, ensuring regulatory acceptance and international
usability.

In parallel, future upgrades will integrate battery-free power
harvesting, real-time biofeedback loops, and on-device
training optimization to improve autonomy and
personalization. We aim to further the credibility of our work
by using real patient data and clinical validation in future
work.

10. Conclusion

This paper presents PatchOmics, a novel real-time diagnostic
platform powered by Al It integrates multi-omics biosensing
through a modular microneedle patch system. By combining
biochemical specificity with intelligent interpretation,
PatchOmics addresses key gaps in current diagnostics—
namely, the lack of accessible, real-time, and personalized
tools that incorporate microbiome, metabolic, and proteomic
signals.

Through our modular patch design, users can continuously
monitor biomarkers like TMAO, SCFAs, inflammatory
proteins, and microRNAs from the skin’s interstitial fluid.
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The onboard electronics securely transmit data to a federated
Al system that supports population-scale learning without
compromising user privacy. Our approach demonstrates

significant  improvements in  diagnostic  accuracy,
responsiveness, and generalizability, particularly in
underserved  settings ~ where  traditional  healthcare
infrastructure may be limited.

Real-world use cases—ranging from cardiometabolic
profiling and neurodegeneration screening to fitness

tracking—demonstrate the platform’s potential for both
clinical and consumer health applications. Importantly, the
system is built with strong privacy controls, bias mitigation
mechanisms, and explainable AI components to ensure trust,
transparency, and fairness.

Looking ahead, PatchOmics offers a scalable pathway to
preventive medicine that is both individualized and
democratized. As we move toward clinical trials and real-
world deployments, the future of diagnostics may well lie at
the intersection of skin-level sensing, multi-omics biology,
and secure, adaptive artificial intelligence.
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