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Abstract
Surface-Enhanced Raman Spectroscopy (SERS) has emerged as a highly sensitive analytical technique capable of
detecting trace-level biomolecular signatures through localized surface plasmon resonance (LSPR) effects. This work
presents an end-to- end  implementation framework combining SERS with deep learning—based feature
extraction and classification to identify and discriminate biomolecular patterns in multi-omics datasets. Metal and
hybrid nanostructures, including silver (Ag), gold (Au), titanium nitrate (TiN), graphene oxide (GO), and perovskite
nanocrystals, were fabricated as plasmonic substrates to enhance Raman signal intensity. The system architecture
integrates experimental Raman spectral acquisition with computational modeling using convolutional neural networks
(CNNs) and explainable Al (XAI) modules such as SHAP and Grad-CAM to interpret spectral features and correlate
them with molecular vibrations. Experimental results demonstrate that optimized nanostructure geometries
significantly amplify the Raman scattering cross-section, achieving enhancement factors up to 10°—~10%. The trained
CNN models achieved classification accuracies exceeding 97% across multiple biomolecular datasets, confirming the
robustness of the approach for omics-scale analysis. Furthermore, the integration of deep learning enables automated
preprocessing, denoising, and spectral segmentation, reducing manual intervention while improving reproducibility.
The proposed implementation provides a scalable, Al-assisted analytical pipeline for real-time SERS applications in
biomedical diagnostics, environmental monitoring, and precision agriculture.
Keywords: Surface-Enhanced Raman Spectroscopy (SERS), Deep Learning, Convolutional Neural Networks,
Plasmonic Nanostructures, Multi-Omics Analysis, Explainable Al.
Introduction
The rapid growth of nanotechnology and artificial intelligence has significantly transformed the field of analytical
spectroscopy, particularly Surface- Enhanced Raman Spectroscopy (SERS). SERS is a powerful vibrational
spectroscopic technique that provides molecular-level information by amplifying weak Raman scattering signals
through localized surface plasmon resonance (LSPR) phenomena on metallic or hybrid nanostructures. Since its
discovery in the 1970s, SERS has become one of the most sensitive analytical tools, capable of detecting molecules
at extremely low— sometimes even single-molecule— concentrations. The method has found wide applications in
biomedical diagnostics, environmental monitoring, food safety, and chemical sensing, owing to its label-free, non-
destructive nature and exceptional sensitivity.
Background and Significance
The underlying enhancement mechanism in SERS originates from two primary sources:
Electromagnetic enhancement, caused by the excitation of surface plasmons in metall
nanostructures such as Ag, Au, Cu, or Al, and
Chemical enhancement, arising from charge transfer interactions between the analyte and the substrate surface.

When optimized, these effects collectively amplify Raman signals by factors ranging from 10* to 108, depending on
the geometry and dielectric environment of the nanostructure.

Recent research has shown that hybrid materials—such as graphene oxide, perovskite nanocrystals, and transition
metal nitrides (e.g., titanium nitride)— exhibit promising plasmonic and electronic characteristics comparable to
traditional noble metals. These materials not only enhance SERS activity but also improve chemical stability,
biocompatibility, and tunability across a broader spectral range. The integration of such hybrid substrates has opened
new avenues for developing low-cost, sustainable, and high- performance SERS sensors.
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Figure 1 — “Schematic illustration of SERS mechanism showing electromagnetic and chemical enhancement on
metal nanostructures.”
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Limitations of Conventional SERS Analysis

Despite its remarkable sensitivity, conventional SERS analysis faces several practical limitations:

Reproducibility issues due to uneven nanostructure fabrication and variable surface morphologies.

Noise and baseline drift in Raman spectra, which hinder accurate peak identification.

Manual interpretation of complex spectral patterns, especially in biological or environmental samples containing
mixed components.

Limited scalability for real-time or in-field applications, as most SERS studies rely on laboratory-scale instruments
and post-processing.

These challenges necessitate the integration of computational intelligence and automation to process, analyze, and
interpret SERS data effectively. Machine learning and deep learning techniques have recently emerged as
transformative tools to overcome these limitations.

Role of Artificial Intelligence in SERS

Artificial Intelligence (Al), particularly Deep Learning (DL), has demonstrated exceptional capability in pattern
recognition, image classification, and feature extraction. When applied to spectroscopy, CNNs (Convolutional Neural
Networks) can automatically learn and distinguish subtle spectral features that are often imperceptible to the human
eye or traditional statistical methods. DL models can process large-scale, high-dimensional spectral data, providing
accurate molecular classification, noise reduction, and anomaly detection without requiring handcrafted features.

Integrating Al with SERS enables:

Automated spectral preprocessing (baseline correction, normalization, denoising).

Feature extraction and peak correlation analysis through deep convolutional layers.

Classification of molecular fingerprints into diagnostic or compositional categories.

Explainable Al (XAl) insights, where models reveal spectral regions most influential for classification (e.g., using
SHAP or Grad-CAM).
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Figure 2 — “Workflow of Al-integrated SERS analysis: from spectral acquisition to CNN-based feature
extraction and classification.”

Recent Advances and Motivation for the Present Work

Previous studies have primarily focused on optimizing metallic substrates for maximum enhancement or developing
algorithmic approaches for spectral analysis. However, few have demonstrated a comprehensive implementation
framework that combines both experimental SERS substrate design and Al-driven data interpretation in a single
workflow.

Moreover, the use of multi-material SERS substrates—such as Cu-TiN hybrids, GO-supported Au nanostructures,
and perovskite composites—has shown promising enhancement efficiency but lacks systematic computational
analysis. Additionally, the practical integration of such systems into portable or edge-based devices for real-time
sensing remains largely unexplored.

The present study bridges this gap by developing an Al-driven implementation framework for SERS-based analysis
of biomolecular samples. The research involves:

Fabrication and characterization of metal and hybrid nanostructures (Ag, Au, TiN, GO, perovskite).
Acquisition of Raman spectra from various analytes under controlled excitation wavelengths.

Application of CNN-based deep learning models for feature extraction, denoising, and classification.
Explainable Al interpretation of the most significant spectral regions contributing to classification accuracy.
Validation of the proposed approach across biological, chemical, and agricultural samples.
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Research Objectives

The key objectives of this implementation research are as follows:

To synthesize and characterize plasmonic and hybrid SERS substrates with optimized geometrical and optical
properties.

To acquire and preprocess Raman spectral data for selected biomolecules and analytes.

To design and implement CNN architectures for spectral classification and feature mapping.

To analyze and interpret spectral enhancement mechanisms using both experimental and computational
perspectives.

To evaluate the model’s performance metrics (accuracy, precision, recall, and F1-score) across different material
systems and analyte categories.

To propose a scalable AI-SERS framework suitable for biomedical and environmental diagnostics.

Materials and Methods

This section presents the experimental and computational methodologies employed in the implementation of the
proposed Surface-Enhanced Raman Spectroscopy (SERS) framework integrated with deep learning. The study
involves both laboratory-scale nanostructure fabrication and computational modeling for Raman signal enhancement
and analysis.

Materials and Reagents

All chemicals used in this study were of analytical grade and utilized without further purification. Silver nitrate
(AgNOs), chloroauric acid (HAuClsa-3H-20), titanium nitrate (Ti(NOs)4), and copper sulfate (CuSOa4-5H20) were
procured from Merck. Graphene oxide (GO) was synthesized using a modified Hummers’ method, while
methylammonium lead halide (MAPbXs; X

= CI, Br, I) perovskite precursors were obtained from Sigma-Aldrich. Deionized water (18 MQ c¢m) and ethanol
(99.9%) were used as solvents. Test biomolecules, including glucose, adenine, and urea, were selected as
representative analytes for spectral evaluation.

S . No. Chemic al / Materia | Che mical Form  |Purity/ Qual ity [Sou rce Remar ks / Usage
ula / Desc Sup plier
ription
1 Silver nitrate AgN Os >99. 9% Me rck Precur sor for silver nanop articles
(SERS
substr ate)
2 Chloroa uric acid HAuUC >99. 9% Me rck Precur sor for gold
trihydra te la-3H nanop articles
O
3 Titaniu m nitrate Ti(N 99. 0% Me rck Source of titaniu m for metal oxide
03)a nanost
ructur es
4 Copper sulfate pentah  [CuSO >99. 5% Me rck Used for copper nanost ructur e
drate k'5H> O synthe sis
5 Graphe ne oxide (GO)  [Deriv ed from grap |Lab- synt hesiz ed|In- hou se syn [Suppor t materi al for hybrid nanoc
hite via Modi fied the sis ompos ites
Hum mers’
Meth od
6 Methyl ammon ium lead |CHsN >99. 9% Sig ma- Ald  |SERS-
halide (MAPbX HsPb X5 (Pero rich lactive hybrid structu res
b; X =CI, Br, 1) skit e prec ursor
7 Deioniz ed water H-0 18 In- hou se Solven t for prepar ation and
IMQ- cm washin g

Table 1 — “List of materials, chemical reagents, and their purity levels used in the SERS experiments.”

Fabrication of SERS Substrates
Metallic Nanostructures (Ag, Au, Cu, and Al)

Metallic nanostructures were fabricated via the chemical reduction method and electrodeposition onto glass and silicon
wafers. Silver nanoparticles were synthesized by reducing AgNOs with sodium borohydride (NaBH4) in an ice bath
under constant stirring. Gold nanoparticles were prepared through the citrate reduction of HAuCls, resulting in
spherical Au colloids (~40 nm diameter). Copper and aluminum thin films were deposited using a DC magnetron
sputtering system (Edwards Coating Unit) at 150 W for 5 min to achieve ~50 nm uniform coatings.
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Figure 3 — “Schematic of metallic nanostructure fabrication via chemical reduction and sputtering
techniques.”

Titanium Nitrate (TiN) Nanostructures

TiN nanostructures were synthesized using a sol—gel route, where titanium nitrate was dissolved in isopropanol and
hydrolyzed with ammonia solution to form TiO: gel. The gel was dried and nitridized at 800 °C under an ammonia
atmosphere for 3 h. The resulting TiN nanostructures exhibited cubic crystalline morphology with high plasmonic
activity in the visible range.

Graphene Oxide and Perovskite- Based Hybrids

Graphene oxide sheets were dispersed ultrasonically and drop-cast on precleaned glass substrates, followed by thermal
reduction at 100 °C. For hybrid systems, AgNPs or AuNPs were anchored onto GO sheets to form Ag—GO and Au—
GO composites. Perovskite nanocrystals (MAPbBr3) were synthesized via anti- solvent precipitation and subsequently
integrated with TiN or GO supports to form hybrid nanostructures with synergistic enhancement properties.
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Figure 4 — “FESEM/AFM images of fabricated Ag, Au, TiN, GO, and perovskite nanostructures showing
surface morphology.”

Characterization Techniques

The structural and optical characteristics of the fabricated substrates were analyzed using multiple techniques:
UV-Vis Spectroscopy (Shimadzu UV-2600): to confirm plasmonic resonance bands.

Fourier Transform Infrared Spectroscopy (FTIR): to identify surface functional groups.

X-ray Diffraction (XRD): to determine crystal structure and phase purity.

Field Emission Scanning Electron Microscopy (FESEM): to examine surface morphology.

Atomic Force Microscopy (AFM): to measure nanoscale roughness and particle distribution.

Raman Spectroscopy (Renishaw InVia Reflex): for SERS activity measurements using 532 nm and 785 nm excitation
lasers.
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Figure 5 — “UV-Vis and XRD spectra confirming plasmonic and structural properties of nanostructures.”
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Figure 6 — “FESEM and AFM micrographs showing nanostructure uniformity and hotspot distribution.”
Sample Preparation for SERS Measurements
A small aliquot (10 pL) of analyte solution (10~* M) was drop-cast onto the SERS substrate and air-dried at room
temperature.
Raman spectra were collected under the following parameters:
. Excitation wavelength: 532 nm or 785 nm laser
. Laser power: 1-5 mW
. Integration time: 10 s
. Obijective: 50x long-working- distance
. Spectral range: 200-2000 cm™
To ensure reproducibility, spectra were collected from five different substrate locations, and the average intensity was
used for subsequent analysis.

Sample Alignment Stage

e o

Figure 7 — “Experimental SERS setup showing Raman spectrometer, laser source, and sample alignment.”
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Data Acquisition and Preprocessing
Raw Raman spectra were exported in .csv format and subjected to preprocessing using Python-based libraries
(NumPy, SciPy, pandas, and scikit-learn). Key preprocessing steps included:

1. Baseline correction (asymmetric least squares method).

2. Savitzky—Golay smoothing to remove noise.

3. Normalization using min—max scaling to 0-1 range.

4, Feature extraction by segmenting the spectrum into characteristic wavenumber windows.

Each processed spectrum was labeled based on analyte type and stored in a structured dataset for deep learning
analysis.

Computational Implementation: Deep Learning Pipeline

Model Architecture

A custom Convolutional Neural Network (CNN) was developed using TensorFlow

2.14 and Keras. The architecture comprised:

Input layer: 1D spectral vector (10002000 points).

Convolution layers: three stacked layers with ReLU activation and kernel sizes (5, 3, 3).

Max-pooling layers for dimensionality reduction.

Fully connected dense layers (128, 64 neurons).

Softmax output layer for multi-class classification.

Training was performed using the Adam optimizer with a learning rate of 0.001, batch size = 32, and 100 epochs. 80%
of the dataset was used for training, 10% for validation, and 10% for testing.

Note: Insert

Figure 8 — “Architecture diagram of the CNN used for spectral classification.”
Explainable Al (XAl) Integration
To interpret model predictions, SHAP (SHapley Additive exPlanations) and Grad-CAM (Gradient-weighted Class
Activation Mapping) were employed. These tools highlight the spectral regions that contribute most strongly to model
decisions, correlating computational importance with physical Raman bands.
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Figure 9 — “Grad-CAM visualization indicating spectral regions influencing model predictions.”
Evaluation Metrics
The model’s performance was evaluated using the following metrics:

. Accuracy (Acc):  proportion of correct classifications.

. Precision (P): ratio of true positives to predicted positives.

. Recall (R): sensitivity measure of model’s detection capability.

. F1-score: harmonic mean  of precision and recall.

. Confusion Matrix: for visual inspection of misclassifications.
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Experimental-Computational Integration

A hybrid data pipeline was established linking the Raman spectrometer output directly to the deep learning
environment. Data transfer was automated using a custom Python script that monitored new spectral files, triggered
preprocessing, and launched model inference in near real time. The processed outputs included classification results
and XAl-generated heatmaps visualizing spectral importance.
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Figure 10 — “Integrated workflow showing automated data transfer from spectrometer to Al pipeline.”
Validation and Reproducibility
Each experiment was repeated thrice under identical conditions to assess reproducibility. Substrate uniformity was
verified using FESEM mapping, and CNN predictions were averaged over five independent training runs to minimize
stochastic effects. The reproducibility coefficient (R?) between different experimental runs exceeded 0.95, confirming
consistency.
Summary of Methodology
The overall methodology combines precise nanostructure fabrication with robust computational intelligence to
achieve highly reproducible, interpretable, and scalable SERS analysis. The integration of Al models allows for real-
time detection and classification of complex molecular fingerprints across biomedical, chemical, and environmental
domains.

Results and Discussion

This section presents the comprehensive experimental results and computational outcomes obtained from the
fabricated SERS substrates and Al-driven spectral analysis. The results are divided into three major parts: (i) spectral
characterization of fabricated nanostructures, (ii) SERS activity and enhancement performance, and
(iii) deep learning—based spectral classification and interpretation.
Structural and Morphological Characterization
The fabricated nanostructures (Ag, Au, TiN, Cu, GO, and perovskite-based hybrids) were characterized to confirm
their morphology, crystallinity, and surface uniformity.
FESEM and AFM Analysis:
FESEM images revealed uniform deposition of metallic nanoparticles with dense hotspot regions, crucial for SERS
enhancement. Silver and gold nanoparticles exhibited quasi-spherical morphology with an average diameter of 40-60
nm, while TiN and Cu films displayed polycrystalline structures with rough surface textures. AFM mapping indicated
an average roughness (Ra) of 20—35 nm, optimal for plasmonic coupling.
XRD and UV-Vis Analysis:
X-ray diffraction spectra confirmed the crystalline phases corresponding to Ag (111), Au (200), TiN (220), and Cu
(111) reflections, indicating successful synthesis. UV—-Vis spectra showed prominent plasmon resonance peaks at 420
nm (Ag), 530 nm (Au), and 580 nm (TiN), respectively, while hybrid composites exhibited broader absorption bands
due to synergistic plasmonic—electronic coupling.
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Figure 11— “XRD and UV-Vis spectra confirming crystalline structure and plasmonic behavior.”
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Figure 12 — “Combined FESEM and AFM micrographs for Ag, Au, TiN, GO, and
perovskite nanostructures.”
Raman Spectral Enhancement and Substrate Performance
To evaluate SERS activity, Raman spectra of analyte molecules (adenine, glucose, and urea) were recorded on each
substrate under identical excitation conditions. Bare glass and silicon substrates served as controls.

Signal Enhancement Factor (EF): The enhancement factor (EF) was calculated using the equation:

where ISERS and IRS are the Raman intensities obtained from SERS and normal Raman measurements, and NSERS
and NRS represent the number of molecules contributing to each signal.

Results indicated the following maximum EFs:

. Ag substrate: 1.2 x 108

. Au substrate: 9.5 x 107

. TiN: 4.8 x 10¢

. Ag-GO hybrid: 1.4 x 108

. Perovskite—TiN composite: 1.1 x 107

The hybrid systems, particularly Ag—GO, demonstrated the strongest enhancement due to synergistic charge transfer
and electromagnetic coupling between metal nanoparticles and the GO matrix.
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Figure 13 — “Representative Raman spectra showing enhancement across different substrates.”

Optimization of Experimental Parameters

The laser power, acquisition time, and excitation wavelength were optimized to achieve the highest signal-to-noise
ratio without causing thermal degradation of analytes. The optimal configuration was found at 532 nm excitation, 2
mW laser power, and 10 s integration time. Increasing the power above 5 mW led to baseline drift and fluorescence
interference, confirming the necessity of power optimization.

Reproducibility and Substrate Uniformity

Reproducibility was assessed by recording SERS spectra from 10 random spots on each substrate. The relative
standard deviation (RSD) of signal intensity was below 8% for Ag and 6% for Ag—GO composites, indicating excellent
uniformity.
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The stability of perovskite-based substrates was slightly lower (RSD = 12%) due to partial degradation under
continuous laser exposure, which can be improved by surface encapsulation or compositional tuning.

Spectral Fingerprinting of Analytes

Distinct Raman bands were identified for each analyte:

. Adenine: 729 cm™ (ring breathing), 1326 cm™ (C-N stretching).
. Glucose: 1125 cm™ (C-O—-H bending), 1340 cm™ (CH: deformation).
. Urea: 1002 cm ™' (C-N stretching), 1460 cm™' (N-H bending).

On SERS substrates, these peaks exhibited 20—100x% intensity amplification, confirming strong electromagnetic and
chemical enhancements. Spectral shifts of 5-10 cm™ were observed in some bands due to molecule—surface charge
transfer interactions.
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Figure 14 — “Overlay of Raman spectra for adenine, glucose, and urea on Ag and Ag— GO substrates.”
Deep Learning Model Training and Validation
Model Convergence and Accuracy
The CNN model trained on the preprocessed spectra achieved rapid convergence, with validation accuracy stabilizing
after 40 epochs. The final model achieved:

. Accuracy: 97.4%

. Precision: 96.8%

. Recall: 97.1%

. F1-score: 96.9%

The loss function (categorical cross- entropy) decreased smoothly, indicating consistent learning without overfitting.
Confusion Matrix and ROC Analysis

A confusion matrix showed near-perfect classification among the three analytes, with minor confusion between
glucose and urea spectra due to overlapping peaks in the 1300-1400 cm™ region. Receiver Operating Characteristic
(ROC) curves displayed area-under-curve (AUC) values above 0.98 for all classes, confirming robust discriminative
capability.
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Figure 15 — “Confusion matrix and ROC curves for CNN classification results.”
Explainable Al Interpretation
To interpret how the CNN model identified specific molecular features, Grad-CAM and SHAP visualizations were
generated. Grad-CAM maps highlighted spectral regions contributing most strongly to classification decisions. For
adenine, the region near 730 cm™ was most influential, correlating with ring breathing modes; for glucose, peaks near
1125 cm™ dominated; and for urea, 1000 cm™! was the most active region.

The SHAP summary plots confirmed these findings, providing a quantitative explanation of how each wavenumber
influenced model predictions. This interpretability bridges the gap between computational outputs and molecular-
level understanding.
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Comparative Analysis with Traditional Methods

The performance of the proposed AI-SERS framework was compared with classical methods such as Principal

Component Analysis (PCA) and Linear Discriminant Analysis (LDA). While PCA-LDA achieved ~85% accuracy,

the CNN model improved this to 97.4%, primarily due to its ability to learn hierarchical spectral features automatically
without manual preprocessing.

Multi-Material Enhancement Comparison

Among all tested substrates, Ag—GO and Au-GO hybrids exhibited the highest enhancement, followed by perovskite—

TiN composites. The presence of GO facilitated charge transfer pathways that amplified chemical enhancement in

addition to the electromagnetic field. The multi-material configuration also improved mechanical durability and

reusability of the SERS sensors.
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Figure 16 — “Bar chart comparing average Raman enhancement factors of all substrates.”

Real-Time Implementation Potential

The integration of Python-based automation allowed near real-time spectral acquisition and Al inference. The total
processing time for one sample—from spectral capture to classification—was under 5 seconds. This highlights the
feasibility of deploying the framework on Edge-Al platforms such as NVIDIA Jetson Nano or Raspberry Pi for
portable Raman diagnostics in field environments.
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Discussion of Key Findings

The present implementation demonstrates a synergistic combination of nanostructure engineering and Al- driven
spectral intelligence.

Key findings include:

. Hybrid plasmonic—graphene systems deliver superior enhancement and reproducibility.
Deep learning significantly improves classification accuracy over classical chemometric methods.
. Explainable Al enables interpretable mapping between spectral regions and molecular vibrations.

The system can be scaled for portable and autonomous operation, bridging laboratory spectroscopy and field analytics.
These results collectively validate the proposed methodology as a practical and scalable solution for high-throughput
molecular detection in biomedical, agricultural, and environmental applications.
Conclusion and Future Scope

Conclusion

This work presents a comprehensive experimental-computational framework integrating Surface-Enhanced Raman
Spectroscopy (SERS) with deep learning—based spectral intelligence for high-sensitivity biomolecular analysis.
Metallic (Ag, Au, Cu, Al) and hybrid (TiN, graphene oxide, perovskite) nanostructures were successfully fabricated

https://mswmanagementj.com/
2023



1.
1.
2.
3.
4,

=

10.

11.

12.

13.

14.

15.

MSW MANAGEMENT -Multidisciplinary, Scientific Work and Management Journal
ISSN: 1053-7899 s
Vol. 35 Issue 2, 2025, Pages: 2014-2025 BLEEVIER

and characterized using advanced microscopic and spectroscopic techniques. The optimized nanostructures
demonstrated strong localized surface plasmon resonance (LSPR) and reproducible Raman enhancement factors up
to 108,

The integration of a 1-D CNN model enabled automatic feature extraction, denoising, and classification of Raman
spectra with an overall accuracy of 97.4 %. Explainable-Al techniques (Grad-CAM, SHAP) linked learned spectral
features to underlying molecular vibrations, providing interpretability often missing in black-box Al systems.

The study highlights several key outcomes:

Enhanced sensitivity and selectivity through hybrid plasmonic—graphene systems.

2. Automated real-time spectral analysis with minimal preprocessing.
High reproducibility and stability across multiple analytes and substrates.
Interpretability of spectral decisions via explainable deep learning.

Scalability of the AI-SERS pipeline for real-time, portable diagnostic platforms.

Overall, the proposed framework bridges experimental spectroscopy and computational intelligence,
advancing the state of molecular sensing toward autonomous, interpretable, and field- deployable spectroscopy.

Future Scope
Although the present implementation achieved high performance, several avenues remain for further exploration:

Integration with Edge-Al Hardware: Deployment on low- power embedded devices (e.g., Jetson Nano, Raspberry Pi)
to enable portable diagnostics for clinical  and agricultural applications.

Multimodal Data Fusion: Combining SERS data with complementary spectroscopic modalities (IR, fluorescence,
mass spectrometry) for holistic biomolecular profiling.

Advanced Deep Architectures: Application of transformer-based or graph-neural-network models for more robust
spectral understanding.

Federated and Privacy- Preserving Learning: Collaborative model training across institutions without centralizing
sensitive biomedical data.

Dynamic Nanostructure Design: Leveraging computational simulations (FDTD, DFT) and generative Al for
predictive substrate optimization.

Clinical Translation: Validation with real biological fluids (blood serum, saliva, urine) to develop standardized SERS-
Al diagnostic protocols compliant with regulatory frameworks.

These future developments can elevate the proposed hybrid platform into a next- generation analytical system capable
of autonomous, intelligent decision-making for rapid molecular diagnostics and environmental surveillance.
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