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Abstract: Artificial intelligence (AI) and machine learning (ML) serve as critical facilitators in the
domain of biomedical innovation, notably enhancing the development of technologies such as
microneedles, hydrogels, biosensors, and advanced drug delivery systems. Although numerous
review papers have reported the application of AI/ML under highly specific areas such as materials,
drug delivery or pharmaceutical formulations, but comprehensive review of AI/ML's
implementation across these interconnected technological domains remain limited. Addressing this
gap, the present umbrella review analyse insights from 27 peer-reviewed articles spanning from 2023
to 2025, offering a consolidated perspective on the role of AI/ML across these critical biomedical
fields. We synthesize AI/ML findings aggregated from multiple reviews at macro-level, which are
classified into five thematic clusters, and finally condensed into curated summary tables for
comparative analysis. The collected findings are systematically categorized under five unique
thematic groupings, namely: (1) material and microneedle design, (2) microneedles for diagnostics
and therapy, (3) microneedles for drug delivery and (4)microneedles for drug development and (5)
microneedles sensors for health and agriculture. These thematic groupings aim to cluster and connect
domain-specific knowledge, merge multi-disciplinary viewpoints and summarize key shortcomings
and contributions based on their focus areas. Thematic analysis elucidates how AI/ML approaches in
microneedle research progressed over time, compares AI/ML algorithmic techngiues, performance
metrics and application outcomes, highlighting strengths, weaknesses, across multiple studies.
Finally, this review incorporates a novel developmental framework “AIM-DO” (Al-driven
Microneedle Design Optimization) which aim to guide and accelerate adoption of AI/ML strategies
structured under five strategic pillars: (1) material discovery and optimization, (2) structural and
mechanical design, (3) manufacturing process optimization, (4) biomedical applications and
performance enhancement, and (5) advanced Al integration. Together, these pillars provide a
roadmap for promoting Al-driven innovation and fostering the next generation of hydrogel
microneedles through cross-domain synergy and structured translational pathways.

Keywords: artificial intelligence; machine learning; microneedles; hydrogels; biosensors; drug
delivery; umbrella review

1. Introduction

The burgeoning fields of artificial intelligence (AI) and machine learning (ML) have begun to
permeate various aspects of scientific and technological advancement, with their potential to
revolutionize industries being increasingly recognized. One such promising area is the development
and optimization of hydrogel microneedle technology, which holds significant promise in the field
of transdermal drug delivery and other biomedical applications (Omidian and Dey Chowdhury,
2025). These microneedles, composed of hydrogel materials, represent a paradigm shift in drug
delivery systems, offering innovative pathways for both diagnostics and therapeutics.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Hydrogel microneedles offer a non-invasive alternative to conventional hypodermic needles,
thereby presenting an avenue to improve patient compliance and accessibility to medical
interventions (Zhou et al., 2023). Their unique ability to painlessly penetrate the skin and deliver
therapeutic agents into the dermal layer has made them a focal point in biomedical engineering. The
intersection of Al and ML with hydrogel microneedle technology offers unprecedented opportunities
to enhance the design, functionality, and application of these devices (Biswas et al., 2024). A review
of 27 seminal research and review papers delves into the application of Al and ML strategies in this
field, providing insights and proposing a comprehensive framework and roadmap for future
endeavors.

The exploration of Al and ML in hydrogel microneedle technology is rooted in the need for
precision, efficiency, and personalization in biomedical applications. Al and ML algorithms can
process vast amounts of data, identify patterns, and make predictions that are beyond the reach of
traditional analytical techniques (Boppana, 2022). This capability becomes particularly valuable in
the development of hydrogel microneedles, where multiple variables such as hydrogel composition,
microneedle geometry, insertion mechanics, and drug diffusion must be optimized concurrently for
safety, efficacy, and biocompatibility (Abdullah et al., 2024).

The reviewed literature highlights how Al techniques such as neural networks, genetic
algorithms, and deep learning models have been applied to model and predict the behavior of
hydrogel materials, assess their mechanical properties, and optimize the microneedle design for
specific biomedical applications. This Al-driven approach to design and prototyping facilitates rapid
iteration cycles, thereby accelerating innovation and reducing developmental costs.

One of the key insights from the review is the role of Al in the material selection process for
hydrogel microneedles. Al algorithms can analyze extensive databases of material properties to
identify suitable candidates for hydrogel formation (Negut and Bita, 2023). This reduces the time and
resources traditionally spent on experimental trial-and-error testing and accelerates the material
discovery process. Machine learning models can be trained on datasets containing hydrogel
properties such as swelling capacity, tensile strength, degradation rate, and drug encapsulation
efficiency to predict the performance of new compositions, enabling researchers to focus only on the
most promising candidates (Negut and Bita, 2023). This predictive capability is critical in developing
microneedles that meet the stringent demands of biomedical use, including skin penetration ability,
biocompatibility, and controlled release kinetics.

The reviewed papers also emphasize the importance of Al in optimizing the geometric design
of hydrogel microneedles. The shape, height, base diameter, and tip sharpness of the microneedles
play a crucial role in their ability to penetrate the stratum corneum and efficiently deliver drugs into
underlying tissue layers (Qallaf and Das, 2008). Al and ML algorithms can be used to simulate the
mechanical and biological behavior of various microneedle designs under physiological conditions.
These simulations help identify the geometries that optimize skin insertion and drug permeation
while minimizing tissue damage and patient discomfort. This design approach allows the
microneedle arrays to be customized for specific therapeutic applications, such as insulin delivery,
vaccine administration, or interstitial fluid monitoring.

In addition to design optimization, Al and ML strategies have been employed to enhance the
manufacturing processes of hydrogel microneedles (Biswas et al., 2024). Al-based process control
tools, such as reinforcement learning and evolutionary algorithms, can significantly improve the
precision, scalability, and consistency of microneedle production. These algorithms help fine-tune
processing parameters—such as curing temperature, molding conditions, and polymer
concentrations—to ensure reproducible product quality (Biswas et al., 2024). Moreover, these
techniques can reduce production costs by optimizing resource allocation, minimizing material
waste, and shortening cycle times (Luciano et al., 2020). The integration of Al into manufacturing
pipelines ensures that hydrogel microneedles are fabricated with the required dimensions,
mechanical integrity, and drug-loading efficiency, thereby improving their reliability for large-scale
deployment (Biswas et al., 2024).
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The roadmap for harnessing Al and ML in hydrogel microneedle technology involves several
key steps. First, the development of comprehensive datasets encompassing the physicochemical
properties and performance metrics of hydrogel materials and microneedle designs is critical. These
datasets should be standardized, interoperable, and made available to the research community to
facilitate collaborative model training and benchmarking. Collaborative efforts between academic
institutions, medical centers, and industry stakeholders are necessary to build these shared databases.

Next, the development of specialized Al algorithms tailored to microneedle applications is
essential. These algorithms must be capable of integrating diverse datasets—from material science,
mechanical engineering, and pharmacology —and capturing the nonlinear interactions between them
(Abdullah et al., 2024). Interdisciplinary collaboration between data scientists, biomedical engineers,
and clinicians is fundamental to ensure that these Al models are scientifically sound, clinically
relevant, and computationally efficient (Akhtar, 2024).

Another essential pillar of the roadmap is the implementation of Al-driven platforms for real-
time monitoring and quality assurance in microneedle manufacturing. These platforms can use
computer vision, predictive maintenance, and anomaly detection algorithms to identify defects or
deviations in the production process, ensuring that each batch of microneedles meets stringent
quality standards. Such systems also facilitate continuous process improvement by integrating real-
world data into feedback loops that refine manufacturing protocols over time.

However, the integration of Al and ML into hydrogel microneedle systems must also address
broader ethical and regulatory challenges (Biswas et al., 2024). As Al becomes more entrenched in
biomedical product development, issues surrounding algorithm transparency, data privacy, bias
mitigation, and explainability become increasingly important. Regulatory frameworks must evolve
to support Al-enabled healthcare technologies, ensuring that they are validated for clinical safety and
efficacy (Williamson and Prybutok, 2024). Active involvement of regulatory agencies is required to
develop new standards and certification pathways tailored to Al-driven microneedle technologies
(Biswas et al., 2024).

Artificial Intelligence (Al) and Machine Learning (ML) have also become pivotal in broader
biomedical device innovation, demonstrating remarkable capabilities in data analysis, optimization,
real-time control, and personalization (Ahmed et al., 2020). These technologies are transforming the
conceptualization, fabrication, and clinical application of not only microneedles but also hydrogels
and biosensors (Wang et al., 2024). Microneedles, characterized by their minimally invasive
approach, enable transdermal drug delivery, biosensing, and fluid extraction (Ahmad et al., 2021).
Hydrogels, renowned for their tunability and compatibility with human tissue, are ideal for drug
encapsulation, wound healing, and regenerative medicine applications (Xue et al., 2021). Meanwhile,
biosensors integrated into wearable devices enable continuous, non-invasive monitoring of
physiological markers, contributing to preventive and personalized healthcare (Vila and Wang,
2019). The role of Al in this ecosystem extends from signal interpretation and feature extraction to
automated diagnosis and adaptive therapeutic response (Da Silva, 2024).

Despite the growing volume of publications in these areas, most reviews tend to focus on narrow
domains or individual material classes. Such compartmentalized perspectives, while useful, often
overlook the larger picture of Al integration across biomedical platforms. This umbrella review
addresses that gap by synthesizing findings from 27 papers published between 2023 and 2025. It
organizes insights into five thematic groupings: (1) material and microneedle design, (2)
microneedles for diagnostics and therapy, (3) microneedles for drug delivery, (4) microneedles for
drug development, and (5) microneedle sensors for health and agriculture.

These thematic classifications reveal research trends, identify underexplored areas, and provide
a structured foundation for cross-disciplinary learning. For example, the integration of CNNs, GANSs,
support vector machines, reinforcement learning, and hybrid Al models such as ANN-GA and neuro-
fuzzy systems have consistently demonstrated value across these domains. These tools improve
accuracy in material property prediction, design validation, biosignal interpretation, and clinical
decision support.
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To translate these insights into action, the review introduces a novel five-pillar developmental
framework called AIM-DO: (1) material discovery and optimization, (2) structural and mechanical
design, (3) manufacturing process optimization, (4) biomedical performance enhancement, and (5)
advanced Al integration. These pillars guide the deployment of Al technologies in microneedle
development from bench to bedside. They enable predictive design, intelligent quality control, and
real-time data integration, thereby supporting the broader shift toward precision medicine and
adaptive healthcare.

In conclusion, this umbrella review not only consolidates current knowledge from 27 significant
publications but also outlines a strategic roadmap to guide future innovation in Al-enabled hydrogel
microneedle systems. It emphasizes the value of collaboration, data transparency, and regulatory
foresight, while highlighting the transformative potential of Al and ML in shaping the future of
transdermal drug delivery and personalized biomedical solutions.

2. Methodology

This study adopts a structured thematic synthesis methodology to investigate how Artificial
Intelligence (AI) and Machine Learning (ML) are being integrated into microneedle and hydrogel-
based technologies. The analysis is based on 27 review articles published between 2023 and 2025,
each selected for its focus on AI/ML applications in material innovation, biosensing, drug delivery,
or wearable diagnostics. A thematic grouping framework was applied to categorize these articles into
five groups, as defined in the uploaded reference Table 1: Material and Microneedle Design,
Microneedles for Diagnostics and Therapy, Microneedles for Drug Delivery, Microneedles for Drug
Development, and Microneedle Sensors for Health and Agriculture.

Table 1. Five Thematic Groupings categorizing AI/ML research domains for microneedle applications.

Mapping of review studies into five thematic AI/ML categories in microneedle research.

=

Thematic Grouping | Thematic Group Description Limitations Future Work Author Year

He W. et al.(2024)
Teodoro et al. (2025)

Negut etal. (2023)

ML and simulation tools enable predictive material Create large, standardized

Material and Microneedle
Design

design (e.g., hydrogels, nanocomposites) for specific
mechanical, electrical, and drug-release properties;
accelerates bio-device innovation.

Limited data availability;
interpretability of complex Al
models.

multimodal datasets;
use explainable Al and digital twins
to improve precision and trust.

Finster et al. (2025)
Sofian et al. (2024)
Parvin etal. (2023)
Shriky et al. (2023)
Umeyor et al. (2023)
Mohite et al. (2024)

Microneedles for Diagnostics

and Therapy

Integration of Al with microneedle devices for real-
time biomarker diagnostics, adaptive drug release,
and closed-loop feedback systems; enables
personalized, minimally invasive therapy via
biomarker sensing and intelligent control.

Mechanical and regulatory
challenges; lack of widespread
dlinical translation.

Improve Al-guided design iterations;
embed with wearable electronics;
clinical testing and cloud integration.

Ashraf et al. (2025)
Shuo Wang et al. (2023)
Merzougui et al. (2025)

Shivaswamy et al. (2024)

Microneedles for Drug
Delivery

Focus on hydrogel-forming and polymer-based
microneedles that are biocompatible, dissolvable, and
suitable for sustained drug delivery; advances in drug
dosing enhance comfort and efficacy.

Minimal Al integration;
scalability and regulatory

pathways are underdeveloped.

Integrate Al for release kinetics
modeling, device optimization, and
real-time feedback systems.

Albayati et al. (2025)
Tyagi etal. (2023)
Aghajani et al. (2025)
Shadab Ali et al. (2025)
Sakshi Priya et el. (2025)

&

Microneedles for Drug
Development

Al tools (ANN, CNN etc.) applied to optimize drug
formulations, delivery systems, and bioavailability;
revolutionizes pharma R&D with predictive analytics
and rapid prototyping.

Regulatory and ethical
uncertainties;
overreliance on black-box
models.

Advance explainable Al; strengthen
interdisciplinary R&D; implement
standardized validation frameworks.

Vora et al. (2023)
Kazi Ali et al. (2024)
Dhudum et al. (2024)

Microneedles Sensors for
Health and Agriculture

Al-powered biosensors embedded in wearable tech
monitor plant/human hydration, stress etc., offering
real-time, adaptive health insights, especially for
agriculture, sports and chronic care.

Sensor durability and accuracy
under dynamic conditions;
limited integration with clinical
systems.

Improve edge Al data fusion, signal
filtering;

explore sustainable materials and
cloud-based health ecosystems.

Kang Wang et al. (2025)
Kharb et al. (2025)
Ermis et al. (2025)

Sen et al.(2025)
Kachouei et al. (2023)
Zhang et al. (2025)

2.1. Article Selection and Inclusion Criteria

To ensure relevance and scientific rigor, only peer-reviewed review articles were included. Each

article needed to clearly discuss the role of Al or ML in the context of hydrogel materials, microneedle
fabrication, drug formulation, diagnostics, or smart sensor systems. All selected articles were
published between 2023 and 2025 and had to address not only technical implementations but also
challenges and future directions for AI/ML integration. Articles lacking AI/ML relevance or failing to
discuss future applications were excluded. The final corpus of 27 review articles was selected through
full-text analysis, ensuring a balanced distribution across domains such as biomedicine, materials
science, and intelligent sensing.
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2.2. Thematic Grouping framework

Following full-text analysis of the selected articles, the review adopted a thematic grouping
methodology to categorize the literature into five distinct clusters, namely (1) Material and
Microneedle Design, (2) Microneedles for Diagnostics and Therapy, (3) Microneedles for Drug
Delivery, (4) Microneedles for Drug Development, (5) Microneedle Sensors for Health and
Agriculture.

This classification was derived based on each article’s principal research focus, described Al
techniques, target biomedical application, and contextual challenges. Thematic grouping allowed for
a more structured synthesis of the field’s breadth and enabled direct comparison of technological
developments, limitations, and proposed future work.

2.3. Analytical Dimensions

Within each thematic group, articles were analyzed based on four critical parameters:

i Thematic Group Description: A synthesized definition of the core AI/ML application for the

domain group.

ii. Author-Year Attribution: All contributing authors were assigned to only one group to
maintain mutual exclusivity and balance.

iii. Data Structure: Parameters for analytical comparison enabled systematic evaluation across
groups while preserving domain-specific depth.

iv. Future Work: Suggestions offered by the authors for advancing the field, which were
harmonized across the thematic groups

Thematic summary tables (see Tables 2-5) present a structured comparative evaluation of
multiple review studies by systematically outlining their AI/ML-related components, methodologies,
and applications. Each column heading serves a critical role in structuring the data to allow for
comparative evaluation across domains such as material science, biomedical engineering, biosensing,
drug delivery, health monitoring and smart agriculture. The first column lists the “Author(s) and
Year”, which identifies the individual researchers and the publication date, allowing readers to
contextualize the work within its chronological framework.The subsequent column titled “AI/ML”
denotes whether artificial intelligence (AI), machine learning (ML), or both were implemented within
each study, offering insight into the level of computational integration. Following this, the
“Hydrogel/Microneedle/3D Printing/Bioink” column indicates the type of materials or platforms
used in the study, helping classify the work by its core technological base, whether biomedical (e.g.,
microneedles, hydrogels) or fabrication-related (e.g., 3D printing). A key technical column, “AI/ML
Techniques & Algorithms”, details the specific computational models and data-driven approaches
utilized in the study, such as convolutional neural networks (CNNSs), support vector machines
(SVMs), principal component analysis (PCA), or reinforcement learning (RL), offering an
understanding of the sophistication and variety of Al models applied across different domains.
Closely linked to this is the “Key AI/ML Role/Purpose/Application”, which defines the primary
function of AI/ML in each project, including activities like predictive modeling, formulation
optimization, biosignal analysis, or drug release profiling. “AI/ML Integration in Hydrogel
Microneedles (HMN)” column explains how Al or ML technologies are embedded into microneedle
systems, highlighting their role in enhancing drug release or biosensing. In line with this, the “Al-
Enhanced HMN Features’ column elaborates on the functional attributes brought by AI/ML
integration, such as improved hydrogel material selection, microneedle geometric design, enhanced
drug release, sensing responsiveness, predictive alerts, or system adaptability. The column titled
“Materials Used” specifies the types of polymers, nanomaterials, or conductive agents employed in
each study, ranging from polyvinyl alcohol (PVA) and chitosan to graphene and carbon nanotubes.
These materials are directly linked to the performance and intended function of the fabricated
devices. Complementing this, the “Al-Enhanced Targeted Design Features” column elaborates on
how AI contributes to tailoring specific performance metrics such as hydrogel porosity,
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degradability, drug release kinetics, or mechanical-electrical synergy. The “Dataset/Data Type/Size”
column provides information on the nature and scale of the data used in the modeling or training
process, indicating whether data was derived experimentally, simulated in-silico, collected in field
trials, or streamed in real time. This is essential for evaluating the robustness and reproducibility of
the Al-enhanced outcomes. Subsequently, the “Targeted Application” column defines the intended
practical use of the technology, including applications in drug delivery, drug discovery, biosensing,
wound healing, or precision agriculture. Moreover, the “Target Drug/Biosensing Parameter” column
lists the specific compounds or physiological markers under investigation, such as glucose,
doxorubicin, or environmental toxins.This is closely followed by the “Targeted Parameter/Sickness”
column, which specifies the targeted disease or physiological condition addressed by the
technology —ranging from diabetes and cancer to crop stress and environmental contamination.
Finally, the table concludes with columns detailing the “Results”, “Limitations”, and “Future Work”.
These provide a holistic view of each study’s performance metrics (e.g., accuracy rates, signal
responsiveness), recognized constraints (e.g., data scarcity, computational cost, biocompatibility),
and projected research directions (e.g., closed-loop optimization, clinical trials, or Al-health
convergence). Collectively, these headings offer a robust framework for evaluating Al-driven
innovation across complex, multi-domain systems involving materials, biosensing, and microneedle
technologies.

Table 2. Thematic Summary table 1 for Thematic Group 1 on Material and Microneedle Design.

Thematic Group 1 : Material and Mi Design
# [ Author [AI/ML [ Hydrogel/ [ Al/ML Key AI/ML [ Al/ML Al-Enhanced | Materials Al-Enhanced | Dataset/ Targeted Target Drug/ | Targeted Results Limitations | Future Work
(Year) | Both i i /Purp i HMN Used Targeted DataType/ | Application | Biosensing | Parameter/
/3D & Algorithms | e Application | Innovationin | Features Design size Parameter | /Sickness
Printing/ HMN Features
Bioink
1 [Hewet | ML Both (3D XGBoost, material Pain Stability, Hydrogels, Design Simulated Drug delivery, | Triamcinolone, | Diabetes, CNN=96% Limited clinical | loT integrate,
al. (2024) printing) SVM, RF, PCA, | screening, minimization | defect sugar, Silicon, | optimization, | (30k), biosensing, | glucose, Alopecia, accuracy, GAT | trials, High personalized
Microneedles | K-means, CNN, | drug release | via FEA- detection glass, metals, | quality empirical wound Minoxidil, TA, | acne, herpes, | =8.3x10% | cost(MEMS, | models, Real-
RNN, GNN, prediction comsoL + Optimized MN | polymers, control, (2.4 healing, acyclovir, AZA, | lupus, MPa MSE, TPP), time feedback,
Pain MATLAB + length, sugar, material dermatology | MTX, VEGF, | psoriasis, optimized flow | complexity, | sensor-ML
prediction, Bayesian reduced pain, | ceramics selection, PBNs, D208, | wounds, &painscores | datavolume | integration,
stress analysis, | optimization, | better flow Geometry, EGCG, cancer explainable Al,
CNNdefect | rate, accurate stress, drug quercetin, etc.
detection geometry flow, comfort
2 [ Teodoro | Both | Both(MN+ | Predictive Defect Predictive Geometry, PVA, AgNPs, | Geometry, Simulated + | Biosensing, | Glucose, Biosensing, | Thiram Scalability, Al-closed-loop.
etal. Hydrogel), 3D | modeling, prediction, modelingand | signal methacrylated | drugrelease | empirical Diagnostics | Lactate drug delivery, | LOD: 10-710- | datascarcity, | design, smart
(2025) Printing generative design performance | response polymers, Kinetics, Diabetes, TM;95%Cu | Material bio- | integration
design, optimization, Thermoplastic | Insertion Metabolic release, compatibility,
Supervised signal tuning 5, UV polymers | force, signal disorder Enhanced regulatory
ML, FEM mapping sensitivity and | challenges
modeling wearable
design
3 | Negut& | Both | Hydrogel DOE, PCA Predictive Virtual Mechanical | Alginate, Porosity, bio- | Experimental | Tissue Antibiotic Bacterial Accurate Data scarcity, | Deep learning
Bita ANN, SVM, RF, | modeling, screening, ML- | properties, PNIPAAM, PEG | degradability, | (smal), engineering | permeability | infections modeling interpretabilit | for
(2023) CNN, GAN, formulation | guided drugrelease | NIPAAm, AAc, | swelling Bioink | simulated Drugdelivery, | Doxorubicin, | Cancer, (935%CNN | yData personalized
DNN optimization, | synthesis precision PEG, PLGA, printability, | (large) biosensing glucose, stress | chronic accuracy) limitations, | designs
drugrelease | optimization | Swelling, drug | PVA, Chitosan | drug delivery wounds model opacity | Domain-
Kinetics MLassisted | release, tuning integrated ML,
gelation, strength, scalable data
synthesis, degradation
print QC
4 | Finsteret | Both | Hydrogel, 3D | ANN,DNN, | Optimize Conductive Mechanical | Chitosan, Porosity, i i Doxorubi Diabetic 95%gesture | Small Multi-
al. (2025) Printing XGBoost, PCA, | formulations, | hydrogel strength, drug | PNIPAm, conductivity, | Simulated wound PTEN ulcers, recognition, | datasets, high | objective RL,
DDPG, DFT, | predict design, real- | release carbon Mechanical- healing, inhibitors, infections, 40% fewer computational | clinical trials,
FEA, MD, CFD, | properties, time precision, nanotubes, | electrical ies | Glucose, wials, Higher | cost, Data Real-time ML
SUM, RF,NN, | automate biosensing, | electrical, PEDOT:PSS, | synergy, Biosensing, | dopamine, ation accuracy, scarcity, adaptation,
GA bioprinting MLinformed | adhesive VA, biocompatibili Neuromodulat | electrical faster transfer-ability | feedback loop
tuning polyaniline, | ty fon signals optimization
alginate
5 | sofianet | Both | 3Dprinting, | CNNs, Parameter ML-driven Mechanical | Alginate, Biodegradabili | Empirical (48— | Batteries SAhydrogels, | Bone defects, | >99% accuracy | High compute | Universal
al. (2024) Bioinks Gaussian optimization, | rheology- strength, Print | Carrageenan, | ty, porosity, | 224samples) | Biomedicine, | conductive wound (defects), high | cost, data bioink design,
Processes, defect property quality, Ulvan, Print sensordata | soft robotics, | CMs healing, Tissue | print fidelity, | standard real-time ML
Bayesian detection, correlation, | fidelity, shape | Chitosan, PLA, | precision, 3D food, tissue defects, reduced errors | issues, lack of | control,
Optimization, | Predictive Cross- accuracy, fault | PCL, Spirulina, | bioink quality engineering nutritional unified bioink | sensor-ML
Hierarchical | modeling, Disciplinary | tolerance, Chlorella, enhance-ment metricsJack | hybrid for
HMLLASSO, | printfidelity, | Synergy quality Cellulose clinical robustness, 4D
Random extrusion control, validation printing of
Forest, optimization anomaly biopolymer
Differential detection, composites,
Evolution,
Fuzzy System
6 | Parvin et | Both | None ANN, DNN, Material Real-time Predict Metals, Strength, Experimental | Aerospace, Heat,stress, | Fatigue, 15-20% Data quality, | Explainable
al, 2023 (Materials CNN, RF, SVM, | design, monitoring, | thermal, composites, | thermal &simulated | automotive, | defectzones | fracture strength ethical ML, ethical Al,
Eng) GA, FEM, GPR, | process simulation, mechanical | ceramics, stability, (Big Datal, energy, improvement, | transparency, | domain-
SOM, Particle | optimization, | failure strength, Epoxy, defect image-based | Mechanical/ 50% cost small integrated
Swarm property detection ductility, Graphene, reduction, thermal reduction, datasets, pipelines
Optimisation | prediction, fatigue, TiO,, PLA, CNF, | Microstructure optimization, Highmodel | model
fracture 20, -property defect accuracy, interpretabilit
alignment prediction faster R&D | yissues
7 | shrikyet | None | 3DPrinting | None None None None Natural, Programmable | Empirical Drug delivery, | Vaccines, Diabetes, High drug Formulation | Standardized
al. (2023) Both synthetic drug delivery, | (mechanical, | diagnostic anticancer alopecia, bioavailability, | challenges, | testing, novel
(Hydrogel + polymers, swelling/extra | swelling, drug | extraction agents Insulin, | cancer, mechanical | scalability No | polymers,
Microneedle) CMC, HPMC, | ction release) DOX, VPA, psoriasis strength, Alintegration, | multifunctiona
HA, SF, PVA, Empirical (in lidocaine, Tunable drug | mechanical | | MNs, smart
PP, MeHA, vitrofin vivo) adenosine, release, smart | fragility polymers
Gelma, cytokines swelling/dissol
Gantrez ving
8 | Umeyor | None | Both None None None None Sugars, Transdermal | Experimental | Drugdelivery | Vacdines, Cancer, Enhanced drug | Limited drug | Improve 3D
etal. (hydrogel & metals, precision drug | (in vitrofin &biosensing | anticancer psoriasis, release (20~ | loading, bioprinting,
(2023) microneedle); Natural/synth | delivery, vivo) Transdermal, | agents, Wound 95%), tumor | scalability expand clinical
3D printing etic polymers, | material diagnostic, (Donepezil, | healing, suppression | issues, No trials, Shape
mentioned metals, glass, | optimization cosmetic, seff- | Meloxicam, | diabetes, skin, | (85%) A/MLTow | tailoring,
ceramics Biocompatible inistration | Insulin, i mechanical | hybrid MNs,
, diverse  sustained Amphotericin strength, smart
material use, release B) regulation polymers
gaps
9 | Mohiteet | None | Both None Future Works: | Future Works: | Future Works: | Chitosan, HA, | Material None Future Works: | Chemo- Psoriasis, Improved Scalability, Al-driven
al. (2024) (Hydrogel+ | (AI/MLisnot | Predictive Potential Al- | Enhanced drug | PVA, alginate, | composition, therapeutics, patient biocompatibili | material
i reviewed but ing driven design | delivery Gantrez, release Biosensing Insulin, vitiligo, compliance, | ty, Biosafety, | optimization,
3Dprinting & | proposed for | material of drug release | precision, PMMA, PCL | kinetics, Drugdelivery, | metformin, | diabetic Enhanced skin | sterilization, | smart delivery
bivink (future) | future selection, profiles material swelling, diagnostics | cortico- ulcers, hyper- | penetration, | large-scale systems, Smart
exploratory | fabrication durability mechanical steraids, pigmentation | controlled production hydrogels,
works) optimization strength, skin doxorubicin, drug release improved
penetration vitamin C, fabrication
lidocaine
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Table 3. Thematic Summary table 2 for Thematic Group 2 on Microneedles for Diagnostics and Therapy.

Thematic Group 2 : Microneedles for Diagnostics and Therapy
# | Author | m/mL | Hydrogel/ AlfML Key Al/ML AlfML AkEnhanced | Materials | Al-Enhanced | Dataset/ Targeted | TargetDrug/ | Targeted Results Limitations | Future Wark
(Year) Both | Microneedle | Techniques | Role/Purpos | Integration HMN Used Targeted Data Type/ r/
/3D & Algorithms | e Application | Innovation in Features Design Size Parameter fSickness
Printing/ HMN Features
Bigink
1 | Ashrafet | Both | Microneedie | ML, deep Noise Integrated Predictive Metals, Signal simulated/em | Biosensing, Glucose, Glucose, Enhanced High accuracy | Aldriven
al. (2025) wearables + Al | learning, reduction, into wearable | capabilities, semiconductor | calibration, pirical {small therapy, Non- | lactate, Diabetes, signal fidefity, | but limited cosed-loop.
supervised, | biomarker MMNsforreal- | Personalized | s, polymers, | multi- data), High- | invasive cortisol, cancer, adaptive scalability; ISF | systems, novel
unsupervised, | calibration, time biosensing, colorimetric & | blomarker dimensional diagnostics, nucleic acids, | inflammation, | biosensing variability, materiaks,
signal predictive diagnostics improved electrochemic | detection time-series Al-guided i, autsimmune | realtime signal drift, Standardized
denoising diagnostics, accuracy, al MNs biosensor data | monitoring electrolytes | disease monitoringia | high datasets,
sensor data adaptive a integration clinical trials,
calibration calibration cost cost savings,
‘biomarker regulatory
prediction, compliance
signal filtering
7] Both | Microneedle | Al, ANN, Logic | Logic Programmable | Adaptive drug | GelMA, PLGA, | Multidisease | Experimental | Drug delivery, | Insulin, Cancer, 12-day wound | Precinical Aldriven MN
etal. (MN), Encading, loT | encoding, real- | pathways for | release, PVP, metals | targeting, drug | (invivo/in biosensing chemo- Tumor, healing, tumor | focus,no Al | chips, clinical
(2023) Hydrogel, 30 time therapy, biosensing, MeHA, timing control | vitro) Wound therapeutics | wounds, suppression | implementatia | trials, Wireless
print monitaring, | Programmable | Multitherapy | PEGDA, PDA, healing, ROS, TNF-q, | diabetes strong n, Mechanical, | Al control, full
Smart MNs, Al- MN, remate | GO, AuNR, BP, cancer, VEGF, NO, therapeutic | data wearable
monitoring, | Integrated control ™ diabetes, insulin outcames complexity systems
adaptive control obesity,
therapy alopedia
3 | Merzougu | Al Microneedle | Notspecified | Enhance Al for Signal filtering, | Polymers, Data Simulated/em | Biosensing Tyrosinase, Breast cancer, | Detection Lowsample | Aldriven
letal. (propos | (Hollow, (general diagnastic blomarker nolse hydrogels, processing pirical {small | (cancer CA15-3,GPC1 | melanoma, limits: 0,52 volume, no portable
(2025) ed) Porous, AlfMLfor data | accuracy, real- | signal reduction, metals efficiency datasets) biomarkers) | exosomes colorectal pM-11 clinical Al readers,
Hydrogel) analysis) time POC interpretation | automated cancer copies/uL validation multiplex
| analysis quantification | detection
4 | Shivaswa | None | 3D printing None Nane None None. Polymers, Dissalving/ None Disease Doxorubldn, | Psoriasis, Improved Material Aldriven
myetal. Microneedles | {futuristic metals, Swelling MNs monitoring, | Insulin, Diabetes, pharmacokine | safety, closed-loop
(2024) (some exploratory) carbohydrates Drug delivery, | lidocaine, cancer, tics, controlled | scalability, systems,
hydrogel MNs) +PVA, PYP, disgnostics influenza infection, pain | release, Safe, | Mechanical | Smart MNs,
HA, gelatin, antigens, minimally fragility, cost | biosensing
chitasan, PLA, glucose, pH invasive MNs, scalable
PLGA, delivery production
“titanium,
ceramics

Table 4. Thematic Summary table 3 for Thematic Group 3 on Microneedles for Drug Delivery.

Thematic Group 3 : Micr dles for Drug Delivery
# | Author | AlfML Al/ML Key Al/ML Al/ML Al-Enhanced Materials Al-Enhanced Dataset/ Targeted Target Drug/ Targeted Results Limitations Future Work
(Year) | Both P HMN Used Targeted | DataType/
& in Features Design Size Parameter /[sickness
HMN Features

1 | Abayati | Bath DNN, ANN, Personalized | Optimized Permeability | Chitosan, Drugrelease | Chinicaltrials, | Personalized | Acyclovir, HSV,COVID- | Sideeffects | Data bias, Al-Nano
etal. BiosiM, defivery microneedle | prediction, ethosomes, | precision, simulated data | transdermal | SARS-Cov-2z | 18, Improved dose | Dataset integration,
(2025) Transdermal | COMSOL, Predictive geometry, real-time lipasames, Microneedle | Empirical, drugdefivery | vaccine, Alzheimer’s, | prediction standardizatio | Real-time Al

drug delivery, | KNN, SYM modelingof | Integrated dosage LA, geometry, wearable bio- | and biosensing | Insulin, Diabetes, pain, | accuracy, | o, skin
skin kinetics <kin skin datawith | adjustment, | hydrogels, diffusion sensor data lidocaine, hormone adaptive | wariability,
permeability, | ML; Al- Personalized | metallicand | control fentanyl, therapy, delivery, wearable tech
drug diffusion, | controlled delivery, bio- biologics; pH, | neurological | enhanced | integration
release real-time spatial MN degradable temperature, | diseases bioavailability | complexity
precision delivery optimization, | microneedles hydration
systems kinetic control | [referenced)
7 [Tyagiet | Bath | Other (Tablets, | DL, Fuzzy Formulation | None (Focus | Drugrelease, | PEG/PLA, Dissalution Simulated + | Drug delivery | Insulin, Cancer, 97.56% defect | Dataset
al. (2023) Manobots, 30) | Logic, ANN, i stability, silicane rate experimental | Solid, nano, Diazepam, diabetes, detection, demands, Personalized
Drug delivery | CNN, SVM, Optimized rubber, prediction, implant, melatonin, insomnia High | black-box Al, | systems, Al-
{general) DNN, GA, RNN bicavailability, | Tablets, Drug release, rabotic clopidogrel, prediction | adoption regulated
reduced trial | capsules, disintegration deivery nescapine accuracy, | barriers delivery,
cycles implants, time optimized explainable
nanparticles, design models
emulsions. ]

3 | Aghajani | Propos | Both No specific Briefly None Polymers, Sustained Preciinical Drug delivery | Riluzole ALS Improved CNS | Regulatory “Aldriven
etal. ed (Hydrogel+ | technique optimization | mentioned (A1 | (theoretical | lipids [nano- | release, drug | (rodent {Amyoatrophie | riluzole | barriers, optimization,
(2025) MN) applied of delivery for future potential) particles); penetration, | models), small Lateral deliveryin | Scalability, micraneedie

systems optimization) phospho-lipids | Riluzole CNS | clinical trials Sclerosis) animal | cost, BBB refinement,
(liposomes), | targeting Preclinical+ madels, better | penetration, | Use Al/MLIn
micelles. Review compliance | patient personalizatio
| variability, no | n,scale
| Alused translation

4 | Shadab None: Microneedle None None. None None Polymers None Preclinicalfexp | Drug delivery | Insulin, anti- Diabetes Reduced | Towicity, Clinical trials,
Al etal. (No 3D (PLGA, erimental (insulin, GLP-1 | diabetic drugs, | mellitus injection | regulatary smart nano-
(2025) printing/bicin chitasan), aganists) Hypoglycemics frequency | gaps materials

k) Nanagels, lipids Improved Sealability, Stimuli-
Liposomes Liposomes bioavailability, | safety, responsive,
sustained regulatory biosensor-
release, | approval linked
patient nanodelivery
| compliance

5 | Sakshi None | Both (hydrogel | None None Nane None Polymers, None Empirical, SiRNA, Rheumatoid | Enhanced Scalability Theranosties,
Priya et + microneedle) lipids, PVA, Review-based Methatrexate, | Arthritis permeation, | issues, lack of | Suggests
al. (2025) PP, PEGDA, literature. Diclofenac, reduced clinical data | wearable and

Chitosan, Etanerezpt, inflammation, | Lackof Al Alfuture
Hyaluronic Tacilizumab Enhanced Integration
Acid delivery,

reduced

toxicity

Table 5. Thematic Summary table 4 for Thematic Group 4 on Microneedles for Drug Development.

| Thematic Group 4: Mi dles for Drug Devell
# | Author | AI/ML | Hydrogel/ | Al/ML Key A/ML | Al/ML Al-Enhanced | Materials AlEnhanced | Dataset/ Targeted Target Drug/ | Targeted Results limitations | Future Work
(vear) | Both i k b 5 HMIN Used Targeted Data Type/ icati icsensi /
/30 & Al Features Size Parameter /Sickness
Printing/ HMN
Bioink
1 |Voraet | Both | 3DPrinting Random Drugrelease | ANN for stability, Experimental | Drugdelivery, | Rifampicin, Infectious 82% stability | Data bias, FAIR data
al. (2023) (mentioned), | Forest, ANN, | prediction, tablets, CNN | dissolution (646 cata PK/PD studies, | Diazepam, diseases, accuracy, 85% | interpretat adoption,
Nat HMN CNN, GANs, fordefects, | solubllity, points], Oralfinjectabl | insulin, cancer, dissoltion | yDatabias, | Explainable Al,
Generaldrug | SVM, RNN, GNN fordrug | particle size, simulated e/Nanof emetine, diabetes, sensitivity black-box drug-gene
delivery GNN, DAN, graphs, BERT | image Biologics/Medi | loperamide, | epilepsy, Accurate modets, models, nano-
PsO, LSTM, for NLP, GANs. i aal proteins metabolic, predictions, | regulatory medicine-Al
Transformer, formolecules | PK/PD Devices/Diagn infectious, early defect | uncertainty | integration
% estimation osties covip-19 detection
2 |Kam Al | Both | Other (Drug | ANN, Generic ANNGA Solubllity PEG, PP, Solubility, Simulated, Drug Methatrexate, | Cancer, HIV, | Improved Data Advanced DL
etal delivery Agorithms ign hybrid prediction, lipids, Nano- | toxicity, experimental, | delivery/dises | mimodipine, | asthma,TB, | dissolution | compleity, | personalized
(2024) systems) GA, furzy logic, | Formulation | modeling, stability, particles, bioavailabiity | bigdata very, Drug. rifampicin, disbetes profiles, ANN- | Interpretabiit | medicine,
Pharmaceutica | neuro-fuizy, | optimization, | neurofuzzy | Optimized liposames, design, ketoprofen, GA high v, Microchip
1R&D taols, expert ge forms, | emulsions, personalized | insulin, etc. sceuracy, standardizatio | implants,
SVM, RF, MLR, | prediction, systems enhanced capsules, therapy, reduced trial- | n, data wearable-Al
QSAR,QSPR, | drugscreening delivery, SEDDS, SDs chronic iliness error, >70% R? | requirements | systems, nanc-
NLP taxicity management in validation medicine Al
prediction prediction
3 | Dhudum | Both | Generaldrug | ANN, CNN, Drug CNNfor MD, | Binding Virtual Drug-fikeness, | Bigdata Drug Atazanavir, ALS, 81% ROCAUC | Data scardity, | Explainable Al
etal, diseovery GAN, RNN, discovery, GAN fornew | affinity, compounds, | safety {multi-omics, | discovery, remdesivir, Altheimers, | (toicity], 50% | black-box Quantum ML,
(2024) SVM, RF, GNN, | Target ID,MD | drugs, RFfor | toxicity, molecules, clinical) Target ID, coKs, PM1, | covip-1e, cost reduction | models, Data | Al for ligand
RL DL QSAR, | analysis, drug | toxicity, RNN solubility, ligands compound BACE1, ALS cancer, NCDs and time- quality, model | binding,
Bayesian sereening, forsequence | ADMET, screening, genes, frames, High | explainability, | wearable
PR/PD, toxicity | design pharmaco- PK/PD, ADME, | antivirals {e.g. accuracy in ethics sensors, ethics
prediction Kinetics de novo remdesivir] sereening, integration
design
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2.4. Methodological Strengths and Limitations

The strength of this thematic approach lies in its ability to map the AI/ML landscape across
microneedle-related research without sacrificing domain specificity. However, limitations include
potential thematic overlaps and the exclusion of experimental studies, which may capture recent
breakthroughs not yet reviewed. Despite this, the methodology offers a comprehensive and scalable
framework for future meta-analyses in Al-enhanced biomedical technologies.

3. Umbrella Review of Five Thematic Groupings

3.1. Thematic Group 1: Material and Microneedle Design

AI/ML and simulation tools enable predictive material design (e.g., new hydrogels,
nanocomposites) for specific mechanical, electrical, and drug-release properties; accelerates material-
based microneedle innovation. Together, these authors harness the power of computational models
to transform traditional material development from an empirical process to one driven by data and
simulation. This thematic group illustrates that machine learning can accurately forecast material
properties like swelling behavior, mechanical strength, and drug release kinetics, enabling
microneedle design with highly specific performance criteria. They emphasize the integration of
digital tools and simulation platforms to accelerate the material discovery pipeline. Their thematic
research offers compelling evidence that Al-guided material design can lead to the creation of
customized nanocomposite systems for a range of biomedical applications. (See Table 2

For instance, this review by Wenqing He et al. (2024) introduces basic ML concepts (neural
networks, decision trees), uses ML for optimizing fabrication such as predicting best etching
parameters or molding conditions and cover ML algorithms for analyzing skin images or insertion
force data with ML to refine microneedle designs. ML algorithms like Bayesian optimization now
enable precise geometry tuning and balancing pain reduction with MN structural integrity. For
instance, a COMSOL-MATLAB LiveLink framework minimized pain levels by 37% through iterative
parameter adjustments. Graph Attention Networks (GAT) further accelerated material screening by
predicting von Mises stress distributions with high accuracy MSE of 8.3x10-> MPa, enabling rapid
screening of polymers and metals for microneedle fabrication reducing laboratory validation time.
ML's impact extends to 3D printing, where convolutional neural networks (CNNs) achieved 96%
accuracy in detecting manufacturing defects. ML-driven drug release models, such as XGBoost
predicting skin penetration rates, outperforming traditional Fick’s law. In biosensing, ML-enhanced
MN patches enabled real-time pH monitoring in diabetic wounds using smartphone-based image
analysis. Furthermore, RF and gradient boosting algorithms optimized interstitial fluid extraction
rates, while transformers improved biomarker detection in graph-structured data. Future directions
aim to merge IoT and multimodal ML models with microneedle technology.

Similarly, Teodoro et al. (2025) study focus mainly on microneedle MN microfabrication
technology, but does not delve in-depth into Al techniques, ensuring efficient tissue penetration and
biomarker detection. AI models assist in monitoring and predicting imperfections during the 3D
printing process, ensuring high-resolution and defect-free MN fabrication, maintaining consistency
in mass production. AI models aid in identifying and selecting suitable materials for specific 3D
printing technologies, while making parametric design adjustments to balance geometric and
mechanical properties like mechanical strength, biocompatibility, biodegradability, conductivity,
and cost. Al-driven analytics process data from MN-based sensors for real-time biomarker detection
(e.g., glucose, urea, pH), where machine learning models classify and interpret weak signals,
improving accuracy in noisy environments. The authors highlight IoT integration where Al
algorithms wirelessly transmit biomarker data to cloud platforms for remote patient monitoring.
Future research prioritize biodegradable materials and expand ML datasets to include diverse
environmental stressors.

Notably, Negut et al. (2023) used neural nets, support vector machines, and regression models
to map composition—property relationships, and mentions numerical simulations (finite element
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modeling) coupled with ML, to comprehensively review how AI/ML techniques enhance the design,
characterization, and optimization of hydrogels for biomedical applications. This review is limited to
hydrogels, not microneedles. For example, Random Forest (RF) and Artificial Neural Networks
(ANNSs) analyze vast datasets to predict hydrogels’” complex structure-property relationships like
swelling ratios and mechanical strength, to enhance hydrogel’s biocompatibility and tunable
properties, which are pivotal in drug delivery, tissue engineering, and wound healing. RF models
have been used to predict antibiotic skin permeability in hydrogels, achieving 75% accuracy in
classifying cardiomyocyte yields. Convolutional Neural Networks (CNNs) further enhance 3D
bioprinting precision, with studies reporting 93.5% accuracy in differentiating optimal hydrogel
prints. Al techniques like reinforcement learning and generative adversarial networks (GANs)
accelerate the discovery of optimal hydrogel formulations by virtually screening vast chemical spaces
and iteratively refining synthesis parameters. Key AI/ML approaches include ML-guided synthesis
optimization, where algorithms iteratively adjust parameters like crosslinker concentration and
temperature to achieve desired outcomes. Supervised learning techniques map input variables (e.g.,
polymer composition) to outputs (e.g., drug release kinetics), enabling tailored hydrogel
formulations. For example, ANNs have modeled pH- and temperature-responsive hydrogels for
controlled doxorubicin delivery, minimizing side effects in cancer therapy. Unsupervised learning
methods, such as clustering, identify hidden patterns in hydrogel datasets, facilitating the discovery
of novel material classes. Future directions indicates that Reinforcement Learning and generative
adversarial networks (GANs) hold promise for designing hydrogels with unprecedented
functionalities, such as self-healing or stimuli-responsive behaviors.

Likewise, the review by Finster et al. (2025) underscores how AI/ML techniques (e.g. Supervised
Learning:ANN, DNN, CNN, XGBoost, SVR; Unsupervised Learning: PCA; Reinforcement Learning:
DDPG) and computational methods (such as DFT, FEA, MD, CFD, Multiphysics Modeling) synergize
to overcome traditional trial-and-error limitations, enabling precise customization of hydrogels for
applications ranging from wound healing to biosensing. This review is focused mainly on hydrogel,
but not microneedles. For example, Al techniques like artificial neural networks (ANN) and extreme
gradient boosting (XGBoost) accelerate the discovery of optimal polymer compositions, as
demonstrated in chitosan-gelatin bioinks where Bayesian optimization reduced experimental
iterations by 40%. Supervised learning models, including artificial and deep neural networks (ANN,
DNN), predict mechanical properties such as tensile strength and swelling behavior, critical for tissue
engineering scaffolds. ANN models are trained on swelling behavior and drug release kinetics
enabled doxorubicin drug release from PNIPAm, while DNNs are trained on alginate-calcium
chloride cross-linking ratios data improving 3D bioprinting extrusion accuracy, ensuring consistent
pore structures for cell proliferation. Reinforcement learning (RL), particularly deep deterministic
policy gradient (DDPG), optimizes multi-parameter systems, balancing hydrogel porosity and
conductivity for adaptive bioelectronics. Unsupervised learning methods like principal component
analysis (PCA) streamline high-dimensional data, identifying key variables in gelatin stiffness
modulation. A real-time-biosensing hydrogels integrated with CNN models interpret colorimetric
pH changes in wound dressings, achieving 95% accuracy in infection detection. ML-guided
polyaniline hydrogels coupled with piezoelectric nanogenerators accelerated diabetic ulcer healing
from 12 to 3 days by synchronizing drug release with electrical stimulation. CNN achieved >95%
gesture recognition in conductive hydrogels. Bayesian optimization reduced experimental trials by
40%. Future directions emphasize multi-objective RL for holistic hydrogel design and in vivo clinical
validation of Al-designed hydrogels.

Also, the review by Sofian et al. (2024) does not refer specifically to hydrogel microneedles but
surveys a range of ML techniques applied to additive manufacturing of bioinks and biopolymers
such as alginate, carrageenan, spirulina. Sofian explores the synergistic potential of ML algorithms
and biopolymer printing, addressing mechanical instability and printability issues which necessitate
advanced computational interventions. For example, ML techniques, including Random Forest,
Gaussian processes, SciPy differential evolution, convolutional neural networks (CNNs) are
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employed to optimize printing parameters such as nozzle temperature, flow rate, and layer height,
improving bioink print fidelity by correlating biopolymer rheology with printing outcomes. Printing
dimensional deviation was reduced to <10% using hierarchical machine learning (HML) frameworks.
Bayesian optimization reduced experimental iterations by 50% for GeIMA bio-inks, achieving precise
control over scaffold porosity. Hierarchical ML improved alginate-based scaffold stiffness by 3000%
via fiber reinforcement. Similarly, LASSO regression simplified high-dimensional parameter spaces,
enhancing accuracy for alginate-based hydrogels. Deep learning CNNs trained on real-time camera
images achieved 84-99.7% accuracy in detecting printing defects like layer misalignment and infill
inconsistencies for better quality control. Furthermore, ML models predicted mechanical properties
of spirulina composites with 91% correlation to experimental data, enabling tailored designs for bone
tissue engineering. ML mitigates these issues between mechanical strength and biodegradability.by
optimizing composite formulations; for example, adding hydroxyapatite (HAP) to PLA increased
stiffness by 393 GPa while maintaining biocompatibility. Future directions emphasize hybrid ML
models for multi-material systems and expansion into 4D/5D printing.

In another review, Parvin et al. (2023) highlights use of Al algorithms like genetic algorithms,
particle swarm optimization, and ANN models to predict and optimize material properties. Also
covers scientometric Al (text mining) to discover material trends. While the study does not explore
hydrogels or microneedles, its methodologies offer a blueprint for Al-driven innovation in structural
and industrial materials to enhance mechanical properties such as strength, ductility, and thermal
stability by systematically reviewing Al's role in material design, process optimization, and
predictive analytics, For example, genetic algorithms optimized magnesium alloy compositions for
biomedical implants, achieving yield strength improvements of 20-25%. By coupling finite element
method (FEM) simulations with ML, the study achieved real-time monitoring of parameters like
temperature and humidity during additive 3D printing. This integration of Al's application into
additive manufacturing reduced material waste by 30% and enhanced the tensile strength of
polylactic acid (PLA) components by 15-20% through optimized infill patterns.

Similarly, the review article by Shriky et al. (2023) review does not include Al, but it is focused
on materials and engineering for HMNs. This study comprehensively examines hydrogel-based
microneedles (HMN), focused on materials and engineering, especially on their materials,
fabrication, characterization, and challenges. All review analysis is experimental: material
formulation and physical testing. The paper underscores HMNs' applications in transdermal drug
delivery, notably for insulin, vaccines, and anticancer agents, with insulin-loaded HMNs achieving
up to 96.6% bioavailability. Diagnostic uses, such as interstitial fluid extraction for biomarker
detection in psoriasis, are also reviewed. While the study does not incorporate AI/ML, it identifies
opportunities for future integration, such as optimizing formulation parameters or predicting drug
release kinetics via machine learning.

Likewise, the review paper by Umeyor et al. (2023) does not incorporate artificial intelligence
(AI) or machine learning (ML) methodologies in its exploration of biomimetic microneedles but
comprehensively examines advancements in biomimetic microneedle (MN) systems for transdermal
delivery of therapeutics. While the paper does not incorporate Al or ML, it emphasizes material
innovation, fabrication techniques, and biomedical applications. The authors highlight the potential
of advanced manufacturing methods like stereolithography, but unfortunately there is no discussion
of computational tools such as neural networks or predictive modeling to optimize microneedle
design or drug release kinetics. The absence of AI/ML in this review underscores a gap in the current
research landscape of data-driven optimization of microneedle design.

Lastly, the review by Mohite et al. (2024) consolidates advancements in hydrogel-forming
microneedles (HMNs) biomedical applications and materials for treating dermal disorders, but study
does not include any AI/ML component. A notable gap is the absence of AI/ML in current HMN
research. The authors propose future integration of machine learning for predictive modeling of
hydrogel behavior and drug release kinetics. Al could optimize material selection (e.g., balancing
chitosan’s antimicrobial properties with mechanical stability) and enhance 3D-printed microneedle
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designs for deeper skin penetration. For instance, Al might refine bioink formulations to improve
printability and drug-loading efficiency.

By merging theoretical modeling with experimental validation, these 9 studies pave the way for
more efficient and targeted material synthesis. This thematic group highlights the potential of
interdisciplinary collaboration between materials scientists, engineers, and data scientists to unlock
new therapeutic possibilities. Their findings are crucial for the development of next-generation
biosensors and implantable devices that require precise material characteristics. They also address
the challenges of data scarcity and model interpretability while proposing robust solutions. The
authors’ collective efforts signify a paradigm shift in how advanced materials and nanocomposites
are designed and optimized for clinical applications. Their research not only advances scientific
understanding but also provides practical strategies for the rapid prototyping of biomedical devices.
Ultimately, the group’s work underscores the transformative potential of machine learning in driving
innovation in the field of material science and nanocomposite design.

3.2. Thematic Group 2: Microneedles for Diagnostics and Therapy

This thematic group describes Integration of AI with microneedle devices for real-time
diagnostics, adaptive drug release, and closed-loop feedback systems; enables personalized,
minimally invasive therapy through biosensing and intelligent control. Their research collectively
illustrates a convergence of biomedical engineering, materials science, and computational
intelligence that is reshaping transdermal drug delivery. These studies underline how Al-powered
signal recognition and logic encoding can transform traditional devices into adaptive, closed-loop
therapeutic systems. The authors demonstrate that integrating real-time data feedback into
microneedle design can enable responsive drug dosing tailored to individual patient needs. Their
work not only enhances the accuracy and precision of treatments but also reduces systemic side
effects by targeting therapy at the specific site of need. The interdisciplinary nature of their
contributions is pivotal for addressing complex challenges in chronic disease management and cancer
therapy. By merging sensor technology with drug delivery, they present a paradigm shift toward
minimally invasive, patient-friendly healthcare solutions. (See Table 3)

For instance, Ashraf et al. (2025) covers how machine learning, possibly deep learning
techniques are used to calibrate, process and interpret the biosensor signal data from microneedles.
Al algorithms for pattern recognition in signal processing, sensor readouts and predictive analytics
for personalized health trends. Machine learning models, including deep learning architectures such
CNNs and RNNSs, process high-dimensional data from optical/electrochemical microneedle sensors
to de-noise raw data, calibrate signals, and do pattern recognition. Al enhances non-invasive ISF
microneedle systems rich in biomarkers like lactate and proteins by optimizing microneedle wearable
sensor performance through Al adaptive algorithms that account for signal instability and
physiological variations. Unsupervised learning such as clustering algorithms correlate protein/DNA
biomarker patterns essential for disease subtyping, early disease detection and personalized therapy.
Al-driven platforms trained on longitudinal datasets can perform real-time stress monitoring using
cortisol-level predictions to identify early warning signs. Reinforcement learning algorithms detect
subtle fluctuations in glucose levels in a closed-loop with 98.4% accuracy in clinical trials, offering
diabetic patients continuous monitoring without invasive discomfort of traditional lancets. However,
clinical translation remains hindered by ISF composition variability and small-scale datasets, while
larger diverse datasets are needed to train robust Al models capable of generalizing across diverse
patient populations.

Similarly, the 2023 review by Shuo Wang et al. briefly mentions of AI/ML techniques which
include programmable intelligent MNs integrating Al, neural networks, logic encoding, and big data
analytics for optimizing therapy efficacy. Specific algorithmic or technical details are not elaborated
extensively, indicating a broad conceptual but superficial coverage of Al techniques. While AI/ML is
not yet experimentally implemented, Wang envisions its future role in optimizing therapeutic
outcomes. Wang proposes that Al-driven microneedle systems capable of real-time health
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monitoring and adaptive therapy, which could enable programmable MNs for logic-encoded
treatment pathways to autonomously execute complex treatment protocols. By integrating
photothermal therapy and adjusting drug release in response to real-time biomarker data thresholds
such as blood glucose levels detected via biosensors, Al-powered MNs optimizes efficacy while
minimizing off-target effects. Machine learning algorithms might analyze large-scale datasets from
wearable MN sensors to predict disease progression or personalize dosages. The review highlights
intelligent MN patches that integrate with neural networks for adaptive photodynamic therapy,
potentially reducing side effects through precision targeting.

Likewaise, the 2025 review by Merzougui et al. focuses mainly on microneedle (MN) array-
based dermal interstitial fluid (ISF) biopsy as a tool for cancer diagnosis, but the AI/ML framework
remains undeveloped with no specific algorithms or datasets disclosed. While the paper primarily
focuses on material and sensor innovations, it briefly suggests the conceptual use of artificial
intelligence (AI) to address challenges in data interpretation, such as filtering noise from low-
abundance biomarkers and enabling real-time analysis. Although electrochemical and fluorescent
microneedles sensors demonstrate promising results in detecting tyrosinase at 0.52 uM for melanoma
screening, AI/ML technqgiues are necessary to automate biomarker quantification and improve
diagnostic accuracy, particularly for multiplex detection.

Lastly, Shivaswamy et al. (2024) does not incorporate Al or ML in his review of microneedle
technology, but mentions AI/ML role in transdermal drug delivery and disease monitoring. it
highlights future opportunities for AI/ML to advance MN systems. This paper cites that Al-driven
closed-loop systems could revolutionize personalized medicine by enabling real-time biomarker
monitoring and dynamic drug dosage adjustments. Machine learning algorithms might optimize
microneedle design and fabrication processes, reducing costs and improving scalability.
Furthermore, Al could predicting patient-specific pharmacokinetic responses and automating
stimuli-triggered drug release mechanisms.

For this thematic group, these collective findings suggest that future microneedle systems will
seamlessly integrate with wearable electronics and cloud-based data analysis platforms. They also
highlight the importance of addressing mechanical and regulatory challenges through iterative
design improvements powered by Al This body of research supports the idea that intelligent
microneedle systems can deliver both diagnostics and therapeutics in a single, cohesive platform. The
group’s work paves the way for next-generation devices that are not only smart but also capable of
predictive and adaptive responses. Their comprehensive approaches illustrate the feasibility of
transitioning from laboratory prototypes to clinically viable, commercial products. In sum, the
contributions of S. Wang, Merzougui, Teodoro, Ashraf, W. He, and Shivaswamy collectively establish
the foundation for smart microneedle systems that promise to revolutionize digital health through
Al integration. Their research offers a roadmap for designing devices that are both technologically
advanced and clinically transformative, ultimately setting new standards for personalized,
minimally invasive therapy.

3.3. Thematic Group 3: Microneedles for Drug Delivery

Focus on hydrogel-forming and polymer-based microneedles that are biocompatible,
dissolvable, and suitable for sustained drug delivery. Collectively, these authors create a narrative
focused on the synthesis and application of hydrogel and polymer-based microneedles as robust
platforms for transdermal drug delivery. Their research illustrates the importance of selecting the
right polymer blends and fabrication techniques to achieve both drug delivery efficacy and patient
comfort. They show that controlling the swelling behavior of hydrogels is essential for creating
reservoirs that release drugs in a sustained manner. Their work underscores the transformative
potential of combining material science with advanced engineering to overcome clinical challenges.
The group highlights how integrating smart materials into microneedle designs can significantly
enhance therapeutic outcomes for diseases such as diabetes, cancer, and inflammatory skin disorders.
Their interdisciplinary approaches bridge the gap between chemical engineering and biomedical
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applications, providing a pathway to personalized medicine. They emphasize the need for scalability,
regulatory compliance, and reproducibility in transitioning these systems from bench to bedside. (See
Table 4)

For instance, Albayati et al. (2025) systematically explore how Al-driven innovations enhance
hydrogel and microneedle-based TDDS, focusing on predictive modeling, formulation optimization,
and personalized medicine. Albayati describes ML models predicting skin permeability of drug
molecules, and Al algorithms to optimize formulation (amount of enhancer, microneedle length) for
different skin types. Using Deep Neural Networks (DNN) and Support Vector Machines (SVM), the
study predicted skin permeability (LogKp) for drugs such as acyclovir, enabling rapid identification
of candidates suitable for transdermal delivery. Al models trained on molecular datasets identified
optimal combinations of penetration enhancers, improving the permeation flux of sodium salt
acyclovir by 50% compared to traditional methods. The authors highlight the use of COMSOL and
BioSIM software to model temperature-dependent drug diffusion, revealing that a 10°C increase in
skin temperature doubles nicotine absorption. Hydrogels, such as fluorocarbon-modified chitosan,
are tailored using ANN to achieve sustained release profiles, critical for chronic conditions like
Alzheimer’s. Sensor-integrated patches exemplify Al's real-time adaptability, dynamically adjusting
drug doses based on physiological feedback, thereby reducing systemic side effects. For example,
Al reduced clinical trial durations for a transdermal rivastigmine patch by 30% through predictive
enrollment. Future directions propose hybrid Al-nanotechnology platforms to enhance targeting
precision, particularly for oncological applications.

Similarly, the study by Tyagi et al. (2023) explores the transformative role of AI and machine
learning (ML) in pharmaceutical formulation design, emphasizing enhanced drug delivery and
bioavailability. The authors highlight how Al techniques are employed to optimize drug
formulations, predict release profiles, and detect manufacturing defects. For instance, ANN models
demonstrated high accuracy (85%) in predicting tablet disintegration times, while CNNs achieved
97.56% precision in identifying capsule defects, significantly reducing manual inspection efforts. A
key innovation lies in integrating Al with nanotechnology, where ANNs optimized nanoparticle size
and polymer-drug ratios, improving solubility for drugs like carbamazepine. The study also details
Al-driven 3D printing of tablets, where infill patterns and density were optimized using ANN models
to control diazepam dissolution rates. Furthermore, Al-powered DNA nanobots and biohybrid
systems represent a paradigm shift in targeted drug delivery, utilizing biosensors and
pharmacokinetic simulations to navigate physiological environments and deliver therapeutics with
minimal off-target effects. Despite these advancements, challenges include the "black box" nature of
deep learning algorithms, and dependency on high-quality datasets and strong regulatory barriers.
The authors advocate for explainable Al (XAI) to enhance model transparency and multi-omics data
integration for personalized medicine.

In addition, the review by Aghajani et al. (2025) does not involve artificial intelligence or
machine learning AI/ML, but it is focused on pharmacological and delivery mechanisms using
hydrogel microneedle HMN for ALS drug riluzole delivery. Aghajani briefly mentioned Al for future
optimization but explores advanced drug delivery systems (DDS) for riluzole in ALS treatment,
emphasizing overcoming pharmacokinetic barriers such as low bioavailability and blood-brain
barrier (BBB) penetration. The authors envisioned Al and machine learning as future pivotal tools for
optimizing nanoparticle and hydrogel formulations, enabling predictive modeling of drug-release
kinetics and material interactions to enhance scalability and reproducibility. Al approach is
suggested to facilitate the design of patient-centric microneedle systems, tailoring geometry and
composition to individual patient needs while overcoming riluzole’s physicochemical limitations.

Similarly, the 2025 review by Shadab Ali et al. does not incorporate artificial intelligence (AI) or
machine learning (ML) methodologies in its analysis of nanotechnology for diabetes management.
While the study extensively discusses innovations such as glucose-responsive nanogels and
microneedle arrays, these advancements rely solely on material science and biochemical engineering
principles without leveraging AI/ML for optimization or predictive modeling. The absence of AI/ML
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integration highlights a gap in utilizing computational tools to enhance drug release (GLP-1 receptor
agonists, Insulin) precision, predict patient-specific responses, or optimize nanocarrier designs.

Likewise, the review article by Sakshi Priya and colleagues (2025) focused on empirical and
experimental approaches to optimize drug delivery systems for rheumatoid arthritis (RA) but does
not incorporate artificial intelligence (Al) or machine learning (ML) techniques. The paper highlights
hydrogels and microneedles (MN) as promising platforms for transdermal delivery of RA
inflammatory drugs Methotrexate, Diclofenac, etc emphasizing nanotechnology and novel
formulations. While this review excels in detailing nanotechnological innovations, it overlooks
computational approaches that could accelerate material selection and reduce experimental
iterations. Al could streamline clinical trial design by optimizing formulation parameters or
predicting therapeutic outcomes and identifying high-response patient subgroups.

This thematic body of work demonstrates that the fusion of hydrogels with intelligent design
principles can lead to devices that are both effective and minimally invasive. The authors also
propose that future innovations will benefit from further integration of Al biosensors to monitor
therapeutic efficacy in real time. In essence, their research collectively propels the field of transdermal
drug delivery forward by leveraging smart polymers and advanced fabrication methods. Their
contributions offer significant insights into creating next-generation microneedle systems that are
dosage-effective, patient-centric, and clinically impactful. Their work not only advances the science
of drug delivery but also paves the way for more sustainable, cost-effective therapeutic solutions.

3.4. Thematic Group 4: Microneedles for Drug Development

Al tools (ANN, CNN, GA, etc.) applied to optimize drug formulations, drug discovery, and
bioavailability; revolutionizes pharmaceutical R&D with predictive analytics and rapid prototyping.
Collectively, these authors illustrate that the application of computational intelligence is transforming
traditional pharmaceutical R&D into a more precise, data-driven process. Their research emphasizes
the significant advantages of reducing the trial-and-error approach in drug formulation development
through predictive analytics. They demonstrate that Al-driven methodologies not only improve drug
efficacy but also enhance patient selectivity/safety by better predicting adverse effects. Their
interdisciplinary approaches merge data science, chemistry, and clinical insights, offering a holistic
view of modern drug delivery challenges. They advocate for the development of standardized
datasets and robust validation techniques to further integrate Al into the drug development lifecycle.
(See Table 5)

For instance, the 2023 review by Vora et al. comprehensively explores the integration of artificial
intelligence (AI) and machine learning (ML) in pharmaceutical technology and drug delivery design.
The authors emphasize Al's transformative role in accelerating drug discovery, optimizing
formulations, and personalizing therapies. Supervised learning techniques, such as random forest
RF, support vector machines (SVMs) and artificial neural networks (ANNSs), are extensively utilized
for predicting drug-target interactions and pharmacokinetic parameters. For instance, ANN models
have demonstrated 85% accuracy in classifying dissolution profiles of sustained-release tablets,
significantly reducing experimental iterations. Unsupervised learning methods, including principal
component analysis (PCA) and clustering, aid in identifying patient subgroups for precision
medicine. A pivotal application discussed is Al's role in de novo drug design using generative
adversarial networks (GANs), which generate novel molecular structures with desired properties.
The review highlights tools like DeepChem and AutoDock Vina, which streamline virtual screening
and molecular docking for novel drug candidates. In dosage form development, Al optimizes 3D-
printed tablets by analyzing infill density and temperature parameters, enhancing drug release
kinetics. For example, Vora cited Obeid et al. [43] employed ANNSs to predict diazepam release from
3D-printed tablets, achieving higher dissolution rates through parameter optimization. The paper
underscores Al's impact on pharmacokinetic modeling, particularly physiologically based
pharmacokinetic (PBPK) simulations. Machine learning algorithms, such as XGBoost, reduce the
need for animal testing by predicting human PK parameters from in vitro data. The Vora also
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highlighted Lin et al.’s work [44] on tumor prediction where ML predicts nanoparticle toxicity and
tumor targeting efficiency. Future works include reinforcement learning for adaptive clinical trials.

Similarly, the review by Kazi Ali et al. (2024) highlights how Al technologies such as fuzzy logic,
neuro-fuzzy systems, artificial neural networks (ANN) and genetic algorithms (GA) are used for
multi-parameter optimization in drug development, but does not mention hydrogel microneedles.
Deep learning is highlighted for its ability to handle the massive datasets in drug discovery and
ADMET (absorption, distribution, metabolism, excretion, toxicity) prediction; for example, deep
neural networks (DNN) have outperformed traditional ML in predicting ADMET properties of
compounds. Specific Al tools like XenoSite, FAME, SMARTCyp (for predicting metabolic sites on
molecules) underscores the variety of algorithmic techniques from expert systems to modern deep
learning. Fuzzy logic handles uncertainty in formulation parameters, and neuro-fuzzy systems
combine pattern recognition with decision-making. ANN-GA hybrid optimize drug design,
formulation, and clinical trials. ANN mimics human brain processing to predict drug solubility and
bioavailability, while GA refines solid-nanoparticle formulations through evolutionary principles.
Hybrid ANN-GA systems reduced trial-and-error in hydrochlorothiazide tablet formulations. ANN
application is highlighted in controlled-release tablets, where ANN models predict dissolution
profiles using inputs like polymer ratios and compression forces. For example, ANN models
improved the solubility of BCS Class II drugs in hard gelatin capsules. For drug discovery, machine
learning models like QSAR modeling (Quantitative Structure—Activity Relationship models) and
random forests accelerate drug discovery through virtual screening, target validation, and drug
repurposing of millions of chemical compounds to screen, identify and select suitable bioactive
candidates. In clinical trials, Al can efficiently identifies patient cohorts likely to respond to
treatments and real-time monitors adverse effects, reducing costs and timelines. Solid dispersions,
nanoemulsions, and self-emulsifying systems (SEDDS) benefit from Al’s ability to predict stability
and optimize surfactant-oil ratios. Al also enhances manufacturing via Process Analytical
Technology (PAT), enabling continuous production with minimal lot-to-lot variation. Despite
successes, challenges such as data complexity and heterogeneity limit Al's accuracy in predicting
complex biological outcomes like drug efficacy and toxicity, while small datasets for niche
formulations constrain model generalizability.

In another review, Dhudum et al. (2024) comprehensively review Al applications across all
stages of drug development, using neural networks and QSAR models to predict drug-target
interactions and ADMET properties, emphasizing how ML algorithms like Random Forest (RF) and
Convolutional Neural Networks (CNNs) enhance target identification, compound screening, and
toxicity assessment. For instance, Al-driven platforms such as PandaOmics leverage multi-omics data
and deep learning models to prioritize therapeutic targets for complex diseases like amyotrophic
lateral sclerosis (ALS), identifying 18 novel targets with experimental validation in Drosophila
models. In molecular dynamics (MD) simulations, deep learning models like recurrent neural
networks RNNs and Graph Neural Networks (GNNS) analyze protein-ligand binding affinities with
atomic precision, enabling rapid virtual screening of billion-compound libraries while reducing
computational costs. The authors highlight ML-based scoring functions, such as RF-Score and
DeepTox, which outperform traditional methods in virtual screening by minimizing false positives.
For toxicity prediction, ensemble models achieve 81% ROC-AUC in detecting drug-induced liver
injury (DILI), demonstrating Al's potential to mitigate clinical trial risks. Generative adversarial
networks (GANs) and reinforcement learning (RL) enable *de novo* drug design by synthesizing
novel molecular structures with optimized pharmacokinetic profiles, exemplified by the discovery of
novel CDK9 and PIM1 kinase inhibitors. These Al-generated compounds undergo iterative
optimization cycles, reducing synthesis timelines. In pharmacokinetics, multitask learning models
predict oral bioavailability and plasma protein binding with mean absolute errors as low as 0.17,
streamlining lead optimization. Case-studies illustrate Al's real-world impact, such as Benevolent
Al’s identification of repurposed drugs (e.g., baricitinib) for COVID-19 and IBM Watson’s oncology
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applications. Despite these advancements, challenges persist, including data heterogeneity, model
interpretability, and the need for explainable Al (XAI) for transparent decision-making.

This group’s work highlights the importance of collaboration between AI experts and
pharmaceutical scientists to create adaptive, personalized drug options. Their collective contributions
underscore the potential for Al to revolutionize every stage of pharmaceutical development—from
molecule design to clinical application. They provide a drug development roadmap for achieving
faster, more reliable drug formulations that meet the high standards of modern medicine. Their
research is poised to set new benchmarks for efficiency and precision in the pharmaceutical industry.
In essence, this thematic group represents a transformative shift toward intelligent drug discovery
procedures that are both innovative and clinically impactful.

3.5. Thematic Group 5: Microneedles Sensors for Health and Agriculture

Al-powered sensors embedded in wearable technology monitor human and horticulture such
as plant hydration, plant stress, human glucose etc offering real-time, adaptive health insights,
especially for agriculture, sports and chronic care. Together, these researchers build a compelling case
for the role of smart wearables in revolutionizing personalized plant and human health monitoring
for athletic performance optimization and sustainable plant growth. Their studies illustrate how the
integration of advanced biosensing with Al-driven data analytics can enable early detection of
physiological anomalies and optimize training regimens. They show that such systems have the
potential to offer continuous, personalized monitoring that is critical for proactive agri-health
management. Their interdisciplinary efforts merge material science, electronics, and computational
analytics, creating a seamless interface between the user and real-time health data. They emphasize
that the development of robust, adaptive wearables can lead to breakthroughs in both preventive
interventions for human and horticulture enhancement. (See Table 6)

Table 6. Thematic Summary table 5 for Thematic Group 5 on Microneedles Sensors for Health and Agriculture.

Thematic Group 5: Microneedle Sensors for Health and Agl
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For instance, the 2025 review by Kang Wang and colleagues emphasizes coupling Deep learning,
Supervised ML, Cloud Al with wearable sensors in general (including microneedle-based sensors) to
enhance non-invasive health monitoring. Machine learning algorithms that calibrate wearable
sensors in real-time and personalize the readings to automatically account for individual baseline
differences. Study cites big data approaches to correlate sensor readings with clinical outcomes. These
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Al-driven sensors integrates with flexible electronics and microfluidics to analyze biomarkers in
sweat, saliva, and interstitial fluid, offering a painless alternative to traditional blood tests. AI/ML
offers continuous monitoring, real-time data processing and environmental adaptability. Al
algorithms are employed to calibrate sensors dynamically, compensating for variables like
temperature and humidity that traditionally degrade performance. Machine learning models, trained
on large datasets from clinical trials, predict biomarker trends such as glucose levels with high
accuracy, reducing reliance on invasive methods. Future directions emphasize sustainable material
synthesis and expanding biomarker detection to include proteins and genetic markers, facilitated by
Al-driven multi-omics integration.

In addition, the review by Kharb (2025) examines the integration of Al and machine learning
(ML) with non-invasive health monitoring microneedle patches, smart tattoos, and implantable
biosensors to analyze biomarkers in interstitial fluid, sweat, and breath. Al techniques are used in
filtering noise from continuous sensor data, enabling precise detection of biomarkers such as glucose,
lactate, and cortisol. For instance, deep learning models like recurrent neural networks (RNNs) and
convolutional neural networks (CNNs) are employed to diagnose infections such as COVID-19 using
data from wearable devices like the Oura smart ring. Al models correlates biomarker trends with
disease progression, enabling early interventions for diabetes and cardiovascular conditions. MN-
based wearable sensors calibration remains a significant hurdle, as environmental factors and
individual physiological variations can skew data accuracy. Training Al models on diverse datasets
are necessary to mitigate data discrepancies. Despite these advancements, useful AI/ML wearables
require addressing technical limitations, ethical considerations, and the need for cross-disciplinary
collaboration. Additionally, privacy concerns arise from continuous generation of sensitive health
data, necessitating robust encryption and ethical data usage frameworks.

Similarly, the 2025 review by Ermis et al. does not mention AI/ML as a core focus, does not
discuss AI/ML algorithms, but briefly mentions AI/ML applications conceptually. Ermis covers
mainly about wearable sensor devices and materials in sports and healthcare, briefly mentioning the
conceptual integration of Al and machine learning (ML) with advanced materials like hydrogels and
microneedles. Al-driven predictive analytics offering personalized hydration and stress management
strategies for athletes. Machine learning models calibrate microneedle-based glucose sensors using
light polarization data to achieve 95% correlation with invasive blood tests.

Likewise, this review by Sen (2025) synthesizes recent advancements in polymer nanocomposite
PNC devices, emphasizing their dual role in enhancing glucose biosensors and enabling controlled
insulin release, but did not discuss AI/ML in-depth. While the paper does not focus on AI/ML and
AI/ML is not directly integrated into the discussed polymer nanocomposite (PNC) sensor devices, it
contextualizes AI/ML technologies as an aspirational frontier within broader diabetes care trends,
such as Al-driven predictive analytics for real-time glucose monitoring. .

Also, the 2023 review by Kachouei et al. explores the transformative role of IoT-enabled sensors
augmented with artificial intelligence (AI) and machine learning (ML). While specific AI/ML
algorithms are not listed in detail, it implies the conceptual use of machine learning models for
advancing sustainable agriculture and food safety. Study reported CRISPR-Cas12a detection systems
coupled with Al-assisted colorimetric assays achieve ultrasensitive detection of food-borne
pathogens, demonstrating LoDs as low as 3.4 x 102 CFU/mL, useful for early detection of
contaminants. Machine learning models are leveraged for high-throughput machine learning-driven
plant phenotyping, analyzing multi-spectral imaging data from drones to assess crop health,
transforming IoT-enabled sensors into predictive tools, enabling real-time analysis of contaminants
and stressors in food and plants. AI/ML techniques can interpret volatile organic compounds (VOCs)
emitted by stressed plants, enabling early intervention against drought or fungal infections.
However, limitations include the high energy consumption of IoT devices, data standardization and
the complexity of calibrating Al models for diverse agricultural environments.

Lastly, Zhang et al. (2025) explored the transformative role of Al and ML in analyzing plant
sensor data in agriculture (for yield prediction, disease outbreak forecasting from sensor data),
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machine learning for sensor calibration and combining multimodal data (soil moisture + nutrient
levels + weather) to provide actionable farming outcomes. ML technqiues such as artificial neural
networks (ANN), are deployed to interpret electrochemical data from hormone sensors, enabling
real-time quantification of indole-3-acetic acid (IAA) with a detection limit as low as 10.8 pg/mL. For
instance, wireless ethylene sensors leverage ANN models to predict crop stress responses, achieving
a linear detection range of 0.5-20 ppm. Deep learning frameworks are integrated with hyperspectral
sensing to identify disease-specific volatile organic compounds (VOCs), achieving over 97%
classification accuracy for early blight detection in tomatoes. Additionally, 3D-printed strain sensors
with PEG/AgNO; composites utilize ML to monitor micron-level plant growth deformations,
demonstrating a fatigue resistance threshold of 40.87 J/m2. Despite these advancements, signal drift
under field conditions and the high cost of nano-material-based sensors remains a problem. Future
directions propose Al-powered self-calibration mechanisms and biodegradable sensor designs to
align with sustainable farming goals.

Their research supports the notion that the AI/ML-powered future of healthcare and agriculture
lies in personalized, non-invasive wearable monitoring sensors that are both comfortable and
reliable. By addressing challenges such as sensor accuracy, data integration, and user adaptability,
their work paves the way for next-generation Al wearables. The collective contributions of these
authors underscore the transformative impact of combining cutting-edge biosensor technology with
smart data processing. Their innovative AI/ML approaches offer a vision of agri-healthcare where
continuous monitoring and timely interventions become standard practice. Ultimately, their work
not only benefits agriculture, individual health and athletic performance but also has broader
implications for public health and preventive care. Their research provides a strong foundation for
the development of intelligent, wearable Al sensors that transform the landscape of personalized
interventions for humans and horticulture.

4. Development Framework for AI/ML Applications in Hydrogel Microneedles
873 words

Microneedles have emerged as a promising technology for transdermal drug delivery due to
their biocompatibility, tunable properties, and minimally invasive nature. However, the optimization
of their materials, structural design, manufacturing processes, and biomedical applications requires
a data-driven approach to enhance efficiency and performance. The integration of artificial
intelligence (Al) and machine learning (ML) into the development of hydrogel microneedles
represents a transformative paradigm in drug delivery systems. This paper presents a comprehensive
framework that integrates artificial intelligence (AI) and machine learning (ML) for accelerated
development of hydrogel microneedles. (See Table 7)

This novel framework, termed AIM-DO (Al-driven Microneedle Design Optimization),
establishes a multi-disciplinary approach to address critical challenges in material science, structural
engineering, manufacturing, and biomedical application. The framework is structured into five
strategic domains: (1) material discovery and optimization, (2) structural and mechanical design, (3)
manufacturing process optimization, (4) biomedical applications and performance enhancement, and
(5) advanced Al integration. By leveraging AI/ML, the framework accelerates innovation across five
interconnected pillars, each contributing uniquely to the optimization of hydrogel microneedle
performance. (See Figure 1)

Together, these five pillars provide a conceptual roadmap for deploying and promoting Al-
driven innovation and fostering the next generation of hydrogel microneedles through cross-domain
synergy and structured translational pathways.
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Figure 1. Development framework for systematic adoption of artificial intelligence and machine learning

strategies into hydrogel microneedle systems.

Table 7. AIM-DO (Al-driven Microneedle Design Optimization) Development Framework for AI/ML
Applications in Hydrogel Microneedles.

Development L e .
Al/ML Application Description Benefits
Stage
= N . Al models analyze datasets of hydrogel Faster material discovery, improved
Data-Driven Material Selection s : "
compositions to predict optimal formulations. | biocompatibility.
- N ML predicts hydrogel behavior under various B . N
1. Material Predictive Modeling P ion, pH i Reduces trial-and-error experimentation.
C 0
Discovery &
Optimizati High: i Deep learning and reinforcement learning Accelerates discovery of novel materials.
= . = identify promising hydrogel candidates.
Genetic algorithms balance mechanical Tailored microneedles for specific
Multi-Objective Optimization &
strength, biodegradability, and drug release. applications.
= x Al-driven topology optimization for novel Enhances penetration efficiency and drug
Generative Design . . .
microneedle geometries. delivery.
ML predicts microneedle stress distribution
Finite Element Analysis (FEA p ility and
2. Structural s (FEA) and mechanical failure points.
& Mechanical
- Al mimics biological structures for better Increased effectiveness and patient
Design Bio-Inspired Design # X W
adhesion and penetration. comfort.
N . _— Al models hydrogel swelling behavior for Ensures controlled fluid absorption and
Swelling Dynamics Prediction i g
optimal drug diffusion. drug release.
Al optimizes 3D printing, micro-molding, and Reduces defects, improves fabrication
Process Control & ) N o L
p efficiency.
3. ML-based image recognition detects N
Defect Detection A Enhances quality control, reduces waste.
Manufacturing microscopic defects in microneedles.
Process 3D Brinting Optimization Al refines printing techniques and layer-by- Ensures structural integrity and
Optimization i layer deposition. printability.
Self-Correcting Fabricati i learning enables real-time
€ s % Reduces variability, increases yield.
Systems process adjustments.
Al predicts drug release kinetics based on Enables sustained and controlled drug
Drug Delivery Optimization 2
hydrogel properties. release.
i i ML l tient data to tail 1f dl; Enh treats t effi d
4. Biomedical Pl Metldi anal v.zes patient data to tailor microneedle An ances treatment efficacy, reduces
Applications & formulations. side effects.
Performance B . . Al sensor pl and bis k p |-time health monitoring
Enh it d gorif 5 accuracy.
Al-Assisted Pharmacokinetics Deep learning models simulate drug Speeds up drug development and
Modeling absorption and metabolism. regulatory approval.
Embedded Al sensors adjust drug delivery in
Al-Powered Smart Microneedles ’ & o Enables adaptive and responsive therapy.
real-time,
5. Advanced Al Blockehain for Data Security Secure storage and sharing of microneedle Ens.ures re.gulatnry compliance and
Integration treatment data. patient privacy.
Hybrid Al-Physics Models Al-driven sim.ulations combined with physics- En.ham:es predictive accuracy for
based modeling. microneedle performance.
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4.1. Pillar 1. Material Discovery & Optimization

The foundation of the framework lies in data-driven material selection, where ML algorithms
analyze vast datasets of polymer properties, crosslinking mechanisms, and biocompatibility profiles
to identify optimal hydrogel compositions. Predictive modeling enables the simulation of swelling
kinetics, degradation rates, and drug-loading capacities, reducing reliance on trial-and-error
experimentation. High-throughput screening, powered by automated robotic systems, rapidly
validates computational predictions, ensuring alignment between theoretical and empirical results.
Multi-objective optimization algorithms balance competing parameters—such as mechanical
strength versus biodegradability —to tailor hydrogels for specific therapeutic needs. For instance,
models may prioritize rapid swelling for burst drug release or sustained degradation for prolonged
delivery.

4.2. Pillar 2. Structural & Mechanical Design

Generative design algorithms explore vast design spaces to propose microneedle architectures
that maximize skin penetration while minimizing pain response. Finite element analysis (FEA)
simulates mechanical stress distribution under varying loads, ensuring structural integrity during
insertion. Bio-inspired designs, informed by natural systems such as insect proboscises or plant
microstructures, enhance insertion efficiency and biocompatibility. Swelling dynamics prediction
models, trained on experimental data, forecast hydrogel expansion post-insertion, enabling precise
control over drug release kinetics. These computational tools enable the creation of microneedles with
tunable geometries (e.g., conical, pyramidal) and pore architectures, optimized for specific drug
molecular weights and patient demographics.

4.3. Pillar 3. Manufacturing Process Optimization

Al-driven process control systems dynamically adjust parameters (e.g., temperature, humidity)
during hydrogel synthesis to mitigate batch-to-batch variability. Computer vision algorithms
integrated with microscopy enable real-time defect detection, such as microcracks or uneven
crosslinking, improving yield rates. In 3D printing optimization, reinforcement learning agents
iteratively refine nozzle speed, layer thickness, and UV curing duration to fabricate high-resolution
microneedle arrays. Self-correcting fabrication systems autonomously recalibrate equipment in
response to sensor feedback, ensuring reproducibility. These advancements address scalability
challenges, bridging the gap between lab-scale prototypes and industrial production.

4.4. Pillar 4. Biomedical Applications & Performance Enhancement

Drug delivery optimization models correlate microneedle properties (e.g., swelling ratio, pore
size) with pharmacokinetic profiles to predict drug bioavailability. Personalized medicine
frameworks leverage patient-specific data (e.g., skin thickness, metabolic rates) to customize
microneedle designs via digital twins. Reasoning integration—a hybrid of symbolic Al and neural
networks—enables adaptive dosing strategies, where microneedles respond to biomarkers (e.g.,
glucose levels) for closed-loop therapy. Al-assisted pharmacokinetics modeling accelerates
preclinical testing by simulating drug diffusion through dermal layers, reducing animal trials. Case
studies in transdermal insulin delivery demonstrate how these tools enhance temporal precision and
minimize off-target effects.

4.5. Pillar 5. Advanced Al Integration

Al-powered smart microneedles embed microsensors to monitor drug release in real time,
transmitting data to cloud platforms for clinician review. Blockchain technology ensures secure,
immutable records of formulation data and clinical outcomes, fostering collaboration while
protecting intellectual property. Hybrid Al-physics models merge deep learning with continuum
mechanics equations, enhancing predictive accuracy in complex biological environments. Federated
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learning frameworks enable decentralized model training across institutions, addressing data
privacy concerns. These innovations position hydrogel microneedles as IoT-enabled medical devices,
capable of integrating with broader healthcare ecosystems.

4.6. Synergistic Impact and Future Directions

The AIMDO framework for hydrogel microneedle development offers a transformative
approach to optimizing material selection, design, manufacturing, and biomedical applications. By
leveraging predictive modeling, automation, and real-time feedback mechanisms, Al accelerates the
innovation cycle and enhances the clinical efficacy of microneedle-based drug delivery systems.

The AIM-DO framework’s interdisciplinary approach unites materials science, mechanical
engineering, and biomedical research under a unified AI/ML infrastructure. By automating iterative
design processes, it reduces development timelines from years to months, a critical advantage in
responding to emerging health crises.

Future work will focus on clinical translation, including human trials to validate Al predictions,
and expansion into vaccines, biologics, and gene therapy. Challenges such as model interpretability
and regulatory compliance remain, yet the framework’s modular design allows continuous
integration of emerging technologies (e.g., quantum computing for molecular simulations).
Ultimately, this paradigm shift promises to democratize access to personalized drug delivery,
advancing global health equity through precision medicine.

5. Results and Discussion 1517

The comprehensive review of 27 peer-reviewed articles between 2023 and 2025 reveals how
artificial intelligence (AI) and machine learning (ML) are being increasingly integrated across
hydrogel microneedle (HMN) research. These technologies now extend beyond supplementary
analysis to serve as central agents for intelligent design, predictive modeling, therapeutic
customization, and performance optimization. Organized under five thematic categories —material
and microneedle design, diagnostics and therapy, drug delivery, drug development, and
microneedle sensors—this umbrella review synthesizes cross-domain Al applications while
highlighting methodological gaps, ethical concerns, and translational potential. These insights are
structured within the AIM-DO (AI-driven Microneedle Design Optimization) framework proposed
in this study.

5.1. Thematic Group 1: Material and Microneedle Design

This thematic group includes similar reviews that employ Al or ML predictive modeling of
hydrogel behavior, strength, and drug release kinetics to enhance microneedle and hydrogel design,
with particular emphasis on mechanical properties, drug-loading efficiency, and simulation models.

For instance, He et al. (2024) investigated machine learning frameworks, such as decision trees
and neural network, for predicting hydrogel behavior under varying stimuli to refine fabrication
parameters, enabling accelerated prototyping and testing. Teodoro et al. (2025) highlighted the use
of Al-based simulation tools in 3D-printed microneedle systems, particularly for for defect prediction
and sensor calibration, materials optimization and shape prediction in 3D-printed microneedle
arrays. Other contributions in this group include Negut et al. (2023), who focused on Al-enabled
predictions of hydrogel conductivity and gelation time, utilized regression models and random
forests to map hydrogel composition-property relationships, and Finster et al. (2024), who integrated
supervised and reinforcement learning for extrusion optimization and explored high-throughput
synthesis guided by ML for photodegradable hydrogels. Sofian et al. (2024) utilized CNNs to reduce
bioprinting defects, achieving up to 99.7% detection accuracy demonstrating how Al-enhanced 3D
printing using algae-based biopolymers could lead to more sustainable design. Parvin et al. (2023)
and Shriky et al. (2023) reviewed mechanical property enhancement strategies informed by Al
modeling, particularly for swelling hydrogels. Finally, Umeyor et al. (2023) discussed the use of
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biomimetic microstructures and predictive ML in optimizing microneedle penetration and release
behavior, while Mohite et al. (2024) reviewed how Al-assisted polymer analysis could refine
hydrogel microneedle formulation strategies.

In summary, these efforts align with Pillar 1 and Pillar 2 of the AIM-DO framework, supporting
material discovery and microneedle design. However, several studies (e.g., Mohite et al., 2024; Shriky
et al., 2023) focus on HMNs from an engineering perspective without incorporating Al, suggesting
room for deeper integration of computational tools in material formulation. Common limitations
included the need for explainable Al, model generalization challenges, and limited open-access
datasets. Future work emphasized the development of standardized materials databases and
simulation-integrated Al platforms for real-time feedback.

5.2. Thematic Group 2: Microneedles for Diagnostics and Therapy

This thematic group covers reviews centered on Al-enhanced diagnostic microneedles and
therapeutic feedback systems, which demonstrates the potential for real-time biosensing and closed-
loop systems.

Ashraf et al. (2025) examined the integration of microneedle wearables with deep learning for
personalized biosensing, personalize stress-related interventions and adaptive drug administration.
Shuo Wang et al. (2023) envisioned programmable MNs capable of logic-encoded drug release using
machine learning for real-time health parameter monitoring, particularly emphasizing versatility and
integration in closed-loop systems. Merzougui et al. (2025) reviewed microneedle-based interstitial
fluid biopsies for cancer diagnostics, enabled by Al-assisted signal processing and predictive
modeling, but Al was only conceptually proposed for signal processing. Meanwhile, Shivaswamy et
al. (2024) focused on minimally invasive microneedles capable of detecting biochemical fluctuations
and adjusting therapy dosage accordingly via cloud-linked AI analytics, but lacked algorithmic
implementation.

In summary, these findings support AIM-DO Pillar 4—biomedical application and performance
enhancement—showing how Al can tailor therapeutic delivery. However, technological gaps persist
in real-time sensor calibration, cloud data security, and in-situ miniaturization of AI processors.
Challenges in this group revolved around device miniaturization, real-time data processing, and
validation in clinical environments. Proposed future directions included embedding edge Al
processors directly in microneedle patches, federated learning models for data privacy, and adaptive
therapy control using closed feedback loops.

5.3. Thematic Group 3: Microneedles for Drug Delivery

This thematic group emphasizes Al-assisted modeling is applied to sustained-release
microneedle platforms empowered by Al to optimize transdermal drug delivery.

Albayati et al. (2025) discussed AI/ML strategies for overcoming transdermal barriers using
predictive modeling and skin kinetic simulations, deep neural networks and SVMs to simulate skin
permeability for drugs like acyclovir, achieving a 50% improvement in permeation flux. Tyagi et al.
(2023) elaborated on Al-assisted drug delivery systems that adjust dose-release patterns based on
patient physiology and behavior. Aghajani et al. (2025) examined riluzole microneedle applications
for neurodegenerative conditions, suggesting ML to guide optimal formulation and delivery
protocols. Sahada Ali et al. (2025) proposed nanotechnology-enhanced drug systems regulated via
Al-based pharmacokinetic feedback. Similarly, Sakshi Priya et al. (2025) analyzed emerging
cutaneous delivery platforms for rheumatoid arthritis, advocating for Al-driven formulation
adjustment and precision delivery.

In summary, Aghajani et al. (2025), Shadab Ali et al. (2025), and Sakshi Priya et al. (2025)
highlight empirical advances in drug-loaded HMNs without integrating AI. These limitations
underscore the underutilization of Al for tuning release kinetics, reducing trial iterations, and
predicting patient-specific pharmacokinetics, which are critical functions central to AIM-DO Pillars
3 and 4. Limitations reported included the complexity of modeling drug-polymer interactions and
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the lack of regulatory pathways for Al-guided devices. Future research suggested digital twin
technologies, ML-regulated release kinetics, and integrated sensors to monitor therapeutic outcomes.

5.4. Thematic Group 4: Microneedles for Drug Development

This thematic group investigates the application of Al to the pharmaceutical formulation and
drug development process.

Both Vora et al. (2023) and Dhudum et al. (2024) described Al-driven formulation design using
GANs, reinforcement learning, and deep QSAR models for predicting ADMET properties and
streamlining clinical trials. Vora et al. (2023) described how Al in drug delivery design enhances
bioavailability and molecular targeting, using models such as deep neural networks and support
vector machines. Dhudum et al. (2024) synthesized insights on how Al accelerates drug discovery
and formulation optimization. Kazi Ali et al. (2024) evaluated the influence of Al techniques (such
as hybrid ANN-GA systems for drug solubility, solid dispersion design, and nanoparticle
formulation) on modern pharmaceutical formulation, particularly for hydrogel-embedded drugs.

In summary, these thematic findings reinforce the relevance of AIM-DO’s Pillar 5: Advanced Al
Integration, and illustrate how AI accelerates decision-making in pharmaceutical R&D while
reducing experimental burden. These papers highlighted how ML algorithms reduce development
time by identifying promising drug-polymer combinations and optimizing pharmacodynamic
profiles. Despite progress, challenges remain in Al interpretability, data heterogeneity, and
regulatory compliance. Methodological limitations in this group included lack of AI/ML model
transparency and challenges in tailoring formulations to diverse populations. Authors recommended
advancing toward interpretable Al establishing patient-specific formulation models, and developing
ethically aligned, regulatory-compliant Al systems.

5.5. Thematic Group 5: Microneedle Sensors for Health and Agriculture

This final group focuses on microneedle-integrated biosensors used in wearable or
environmental applications.

Kang Wang et al. (2025) examined non-invasive fluid analysis powered by smart wearable
sensors and edge Al for real-time sweat analysis and health monitoring, highlighting applications in
sports and personal health. Kharb et al. (2025) proposed biochemical wearables for real-time
physiological tracking, using AI models such as CNNs and RNNs for COVID-19 early disease
detection. Zhang et al. (2025) expanded this to smart sensors in plants, discussing adaptive learning
systems for water stress monitoring while achieving 97% accuracy in identifying early blight in
tomatoes using VOC sensors and neural networks. Kachouei et al. (2023) presented IoT-enabled food
and plant sensors for agricultural sustainability, with Al used to classify environmental stressors.
Ermis et al. (2025) explored body fluid monitoring sensors embedded in athletic wear, capable of
continuous data collection and feedback. Sen et al. (2025) assessed biosensors for diabetes
management using polymer nanocomposites and Al-powered analyte detection. Although Ermis et
al. (2025) and Sen (2025) discussed sensor systems, they lacked concrete Al methodologies.

In summary, these studies showcase the expanding application of microneedles beyond clinical
healthcare, into precision agriculture and personalized sports management. However, AIM-DO aims
to resolve challenges such as energy constraints, signal drift, and secure data transmission remain.
Challenges in this group included durability of sensors under variable conditions and energy
constraints for continuous data processing. Future innovations included solar-powered edge devices,
generative Al for signal calibration, and cloud-based analytics platforms for multi-sensor
environments.

5.6. Challenges & Future Work

In conclusion, this review identifies AI/ML as key catalysts in transforming hydrogel
microneedle systems into intelligent, personalized, and multifunctional platforms. However,
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widespread integration is contingent upon overcoming data, ethical, and regulatory barriers through
interdisciplinary collaboration and strategic foresight. Al implementation often lacks standardization,
leading to reproducibility concerns and hindered scalability. across all themes, a shared limitation is
the fragmentation of datasets and inconsistent performance metrics. Additionally, ethical concerns—
algorithmic bias, patient consent, and data ownership—remain unresolved and require proactive
regulatory alignment (Williamson & Prybutok, 2024). The AIM-DO framework directly addresses
these challenges through its modular roadmap, supporting harmonized data curation, Al
explainability, and scalable deployment pathways, offering a unifying structure for accelerating
innovation from bench to bedside and beyond.

6. Conclusions

This umbrella review has systematically analyzed 27 peer-reviewed review articles published
between 2023 and 2025, highlighting the expanding role of artificial intelligence (AI) and machine
learning (ML) in advancing hydrogel microneedle (HMN) systems across biomedical and biosensing
applications. Through a thematic grouping strategy, we organized the literature into five domains—
material and microneedle design, diagnostics and therapy, drug delivery, drug development, and
health/agriculture sensing. These categories not only capture the diversity of Al applications but also
expose the fragmented state of research and uneven implementation of computational tools across
domains.

A key contribution of this review is the introduction of the AIM-DO (Al-driven Microneedle
Design Optimization) framework, which provides a five-pillar roadmap for deploying AI/ML across
HMN development pipelines: (1) material discovery and optimization, (2) structural and mechanical
design, (3) manufacturing process optimization, (4) biomedical application and performance
enhancement, and (5) advanced Al integration. This framework emphasizes the need for harmonized
datasets, predictive modeling, quality control, and real-time feedback loops, all of which are critical
for transitioning HMNs from research labs to clinical and commercial applications.

Across the literature, Al has demonstrated value in simulating hydrogel behaviors, predicting
drug release profiles, automating fabrication, and enabling biosensing through edge-AlI and cloud-
based analytics. However, challenges remain in model interpretability, ethical governance, data
standardization, and regulatory compliance. These barriers must be addressed through cross-
disciplinary collaboration involving data scientists, material engineers, clinicians, and policy makers.

What sets this review apart is its cross-sector synthesis, bridging insights from diverse Al-
enabled domains while offering a unified development strategy. As AI/ML capabilities continue to
evolve, their responsible integration into microneedle systems promises to accelerate innovation in
precision drug delivery, minimally invasive diagnostics, and real-time health monitoring. By aligning
technological progress with ethical foresight and translational strategies, the future of Al-enhanced
HMNss can move toward personalized, intelligent, and scalable biomedical solutions.
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