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ABSTRACT

Flexible and wearable biosensors, when co-designed with artificial intelligence,
enable continuous health monitoring by converting noisy, motion-corrupted
physiological signals into reliable clinical information. This review summarizes
key flexible modalities (ECG, PPG/SpO,,cuffless blood pressure, temperature, and
biochemical sensing), materials and mechanical layouts, and scalable fabrication
strategies, and explains how these choices shape signal quality, robustness, and
suitability for edge and neuromorphic AI. It further outlines a design-for-Al
framework that co-optimizes sensor placement, mechanics, and sampling
with lightweight edge models, multimodal fusion, and federated learning to
realize low-power, privacy-preserving, and equitable wearable health systems.

Keywords: Flexible biosensors, wearable health monitoring, edge Al,
design-for-Al, multimodal physiological sensing, stretchable electronics,
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1. INTRODUCTION

Flexible and wearable biosensors have emerged as a promising platform for
continuous health monitoring because they can conform to soft, curved, and
dynamically moving biological surfaces while enabling real-time acquisition
of physiological signals. Compared with conventional rigid devices, skin-
interfaced and mechanically compliant sensors offer improved comfort,
intimate contact with the body, and greater potential for long-term use in
daily life. Early advances in epidermal electronics established the feasibility
of ultrathin, skin-like sensor systems, while subsequent work demonstrated
low-cost electronic tattoos and multifunctional wearable patches capable of
monitoring signals such as electrocardiogram (ECG), temperature, motion,
and biochemical markers[1-4]. These developments have accelerated the
transition from intermittent, clinic-based measurements toward personalized
and continuous monitoring in ambulatory and home settings. At the same
time, the practical value of flexible biosensors depends not only on the ability
to collect data, but also on the ability to convert noisy, high-volume, and
multimodal signals into clinically meaningful information. In real-world use,
wearable signals are frequently degraded by motion artifacts, inconsistent skin
contact, environmental interference, and substantial inter-subject variability.
These challenges make artificial intelligence (AI) and machine learning (ML)
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increasingly important for robust signal interpretation,
artifact-tolerant feature extraction, classification,
regression, and prediction. The growing impact of
AT in wearable health monitoring is reflected both in
broad reviews of ML-enabled wearable systems and
in influential demonstrations such as deep-learning-
based arrhythmia detection from ambulatory ECGs[4-
6]. Accordingly, flexible biosensors should be viewed
not simply as data acquisition tools, but as front-end
systems whose material selection, mechanical design,
modality choice, and sampling strategy directly affect
downstream model performance.

This review therefore examines flexible biosensors for
vital-sign monitoring from a combined device design,
fabrication, and Al-integration perspective, with
particular emphasis on a “designed for AI” framework.
We first summarize major flexible sensing modalities
relevant to physiological monitoring, including ECG,
photoplethysmography (PPG)/ peripheral capillary
oxygen saturation (SpO,), cuffless blood-pressure
surrogate sensing, temperature sensing, and other
physiological or biochemical channels that can serve
as auxiliary inputs for intelligent models. We then
discuss the materials, mechanical architecture, and
fabrication strategies that determine signal quality,
wearability, and manufacturability. Building on this
foundation, we review signal-processing and Al/
ML methods for transforming raw bio-signals into
actionable health information, while highlighting how
hardware-level design choices influence algorithmic
accuracy, robustness, and deployment constraints.
Finally, we discuss emerging opportunities in edge
and neuromorphic intelligence, where sensing,
computation, and decision-making may be pushed
closer to the body to reduce latency, bandwidth demand,
and power consumption[4, 7, 8]. By linking flexible
sensor engineering with downstream computational
requirements, this review aims to clarify how next-
generation wearable systems can be intentionally
designed not only to acquire physiological data, but
also to produce data that are maximally useful for
intelligent health monitoring

2. FLEXIBLE BIOSENSOR MODALITIES FOR
VITAL SIGNS

Flexible vital-sign sensors are designed not only to
detect physiological signals, but also to maintain
stable contact with soft, moving skin. Across recent
studies, performance depends on coordinated choices
in materials, mechanics, and signal transduction, which
is why recent systems increasingly combine electrical,
optical, thermal, and mechanical channels in one
wearable platform[7, 9, 10].

2.1 FLEXIBLE ECG SENSORS

Flexible ECG research has shifted from conventional
wet electrodes toward dry, skin-conformal interfaces
that better support long-term and ambulatory
monitoring. Recent studies describe gel-less sticky
patches, e-skin electrodes, and broader flexible dry-
electrode platforms built from conductive polymers,
carbon-based materials, and stretchable composites
designed to reduce impedance while preserving comfort
and adhesion (Figure 1). Across these studies, three
requirements dominate: intimate skin contact, motion
robustness, and stable waveform quality. Yamamoto
et al.[9] show that electrode composition and contact
area affect impedance and R-wave attenuation, whereas

J. Neuro. Intel. 2026, Vol 3, 1-20

O

INTELLIGENCE

Hao et al.[10] demonstrate clear ECG recording under
sweat, deformation, and dynamic activity through a
breathable, self-adhesive design. Overall, flexible ECG
performance depends less on conductivity alone than
on a mechanically persistent, low-impedance skin-
electrode interface. This emphasis on stable skin contact
carries directly into optical sensing, where conformal
wear is essential but the main design constraints shift
toward light transport, wavelength choice, and site-
dependent signal quality.
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Figure 1: a) Schematic image of the equivalent circuit of
the ECG sensor and heat transfer through a PET film from
skin to the device[9]. b) Photo of the fabricated device.
c) Photo of the adhesion test of the device peeled from
skin. The design of the bioinspired E-skin (SPRABE).
d) Schematic illustration of the bioinspired design of
SPRABE-skin[10]. e) Fabrication process of the SPRABE-
skin based on electrospinning and spraying (top). Adopted
with permission[9], © 2017 WILEY-VCH Verlag GmbH &
Co. KGaA, Weinheim.

2.2 FLEXIBLE PPG/SPO, SENSORS

Flexible PPG and SpO, sensors monitor pulsatile blood-
volume changes optically, and the current research
shows that their design is governed by both optical
layout and wearable mechanics. Reflective systems
place the emitter and detector on the same side of
the tissue, whereas transmissive systems place them
on opposite sides. These choices shape wavelength
selection, power demand, and usable body sites[11]
(Figure 2 a-e). Multi-wavelength designs further expand
the physiological information that can be extracted



from a single platform12 (Figure 2f,g). The main trade-
off is between signal quality and wearability. Finger-
based configurations generally provide stronger optical
signals, while wrist-mounted devices are easier to wear
continuously but are more vulnerable to motion artifacts.
The current studies therefore converge on compliant
packaging, stretchable interconnects, and site-specific
optical design as key strategies for preserving signal
quality in daily use. Once PPG is treated as more than
a heart-rate signal and instead as a waveform rich in
timing and morphology, it becomes a natural input for
cuffless blood-pressure estimation.

2.3 CUFFLESS BLOOD PRESSURE (BP)
SURROGATE SENSORS

Research has presented cuffless blood-pressure
monitoring as a multimodal inference problem rather
than a direct one-sensor measurement. Major surrogate
routes include PPG plus timing metrics such as pulse
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arrival time (PAT) or pulse transit time (PTT), pulse-
wave analysis, soft pressure or tonometric sensing,
and bioimpedance-based approaches that probe arterial
dynamics through tissue electrical properties[7, 13].
Among the recent studies, the clearest PPG-based
example is a wearable flexible wrist patch that combines
PPG with ECG timing and Kalman filtering for blood-
pressure estimation[14]. Furthermore, recent reviews
emphasize that PPG is not the sole solution. Soft
pressure sensors and ring-type bioimpedance devices
provide vital surrogates that may be more reliable
under certain conditions. Specifically, the development
of bioimpedance rings illustrates the critical role
of electrode configuration in overcoming skin-tone
sensitivity and improving overall device robustness[15
1(Figure a-e). These BP surrogates also show why
auxiliary sensing channels matter: they provide context
that can help separate true cardiovascular changes from
environmental or motion-related variation.
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Figure 2: a) Schematic diagram of the working principle of the cardiovascular cerebrovascular circulatory system of the
human body and the photoplethysmography (PPG) signal sensing applied to the surface of human skinl1. b) The basic
curve structure of PPG signal and the response structure of different parts from subcutaneous tissue. c) The PPG signal
read within 10 s (wavelength: 650 nm). g) Schematic of the swelling detection by variable PPG signal. h) The detailed
structure diagram and physical schematic of the flexible PPG signal sensor (inset: Left: flexible perovskite photodetector;
right: red led used as light source). Scale bar: 0.5 cm. f) The inner PCB and fully assembled wrist probel2. g) The finger
probe design utilizes the semi-flex PCB technology to accommodate various finger sizes. Adopted with permission [3],
© 2023 Wiley VCH GmbH. Reprinted with permission [4] , Creative Commons Attribution 4.0 (CC BY 4.0), https://
creativecommons.org/licenses/by/4.0/.
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Figure 3: a) A fabricated ring example custom fit to user’s finger sizel5. b) The finite element model of the human
finger used in guiding ring design. c) Cross-section of the four electrode bioimpedance sensing, with dashed lines
representing high frequency alternating current (AC) distribution within the finger, and green area shows sensitive area
for Bio-Z sensing electrodes. d) Experimental setup used in assessing bioimpedance signal quality acquired with ring
sensors. e) Different sensors on the same hand are used for BP experiments. Reprinted with permission [5] , Creative

Commons Attribution 4.0 (CC BY 4.0), https://creativecommons.org/licenses/by/4.0/.

2.4 TEMPERATURE AND OTHER PHYSIO-
LOGICAL/BIOCHEMICAL SENSORS

Temperature, sweat, strain, and respiration-related
sensors expand the physiological information that
wearable systems can capture and therefore strengthen
signal interpretation. Yamamoto et al.[9] demonstrated
that the accuracy of thin-film skin-temperature sensing
is strongly influenced by substrate thickness, with
thinner PET films providing more reliable temperature
readouts. They also integrated temperature and ECG
sensing into a single wearable patch. In parallel, flexible
sweat sensors have enabled electrochemical detection of
ions and metabolites, while multimodal e-skin devices
have shown that strain-related signals can be monitored
together with cardiovascular signals[16, 17].

These auxiliary channels are particularly important for
Al-enabled wearables because they provide contextual
variables that reduce ambiguity in signal interpretation.
Temperature informs changes in perfusion and optical
coupling, strain and respiration reflect posture and
motion state, and sweat chemistry provides insight into
hydration, electrolyte balance, and metabolic status.
Accordingly, auxiliary sensing should be regarded
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as an essential design component of interpretable,
personalized multimodal platforms rather than a
secondary addition.

3. MATERIALS AND MECHANICAL DESIGN
FOR FLEXIBLE BIOSENSORS

The performance of flexible biosensors is governed
not only by the transduction mechanism, but also by
how materials, interfaces, and structural layouts work
together under repeated deformation and prolonged
skin contact. Successful wearable biosensors are built
by co-optimizing substrate mechanics, conductive/
optoelectronic functionality, and device architecture,
rather than treating these elements as independent
design choices[18-20].

3.1 SUBSTRATES AND ENCAPSULATION

Substrates and encapsulation layers define the first-order
interface between the device, the body, and the external
environment. In the recent literature, the central design
tension is no longer simply flexibility versus rigidity,
but the more demanding balance among conformability,



breathability, environmental protection, and long-term
wearability. Three substrate directionsrecuracrossrecent
studies: elastomeric films, textile-derived platforms,
and ultrathin or substrate-free membranes. Stretchable
on-skin substrates can be classified mainly into
elastomers/composites, kirigami-inspired structures,
and textile engineering, while also emphasizing that
breathable health-monitoring systems increasingly rely
on porous or fibrous construction rather than continuous,
impermeable films[19]. Textile platforms are attractive
because their intrinsic void space enables rapid gas
and water-vapor transport, while still offering softness,
drapability, and body-scale integration; however,
their rougher and more heterogeneous surfaces can
complicate intimate electrode-skin contact. By contrast,
ultrathin and substrate-free electrodes reduce bending
stiffness and improve conformity to curved skin, which
directly lowers motion artifacts and stabilizes signal
collection over time[21, 22]. Figure 4 summarizes the
fabrication route for free-standing conductive films
and their use as ultra-conformal, breathable epidermal
bioelectrodes. It supports the argument that ultrathin,
substrate-free designs can combine conformality with
gas permeability more effectively than conventional
supported electrodes.

Encapsulation introduces a competing requirement:
devices must resist sweat, humidity, oxygen, and
abrasion without sacrificing softness. This remains
difficult because low-modulus materials usually
provide poor barrier performance, and that performance
often degrades further under strain [18, 23]. The
challenge is especially important for flexible organic
optoelectronics that must remain stable while being
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laminated onto skin. Figure 5 plots water and oxygen
barrier properties against elastic modulus for common
flexible-sensor materials. It highlights the central
encapsulation challenge in wearable biosensors: the
softest materials are often the least effective barriers, so
low-modulus encapsulation with strong environmental
protection remains a major unmet need.

Long-term wear also requires breathable, biocompatible,
and durable interfaces. Breathability reduces thermal
discomfort and skin irritation, while adhesive layers
must maintain contact without blocking gas exchange.
Matsuhisa et. al.[23] emphasizes that meaningful
evaluation depends on position and duration of tissue
contact, with ISO 10993-type testing frameworks
relevant for irritation, sensitization, and broader
biological response. Adhesion must also be tuned
carefully. Dong et. al.[19] identifies pressure-sensitive
adhesives as promising because they can enhance skin
contact without necessarily blocking gas or liquid
permeability, but only when their viscoelasticity and
composition are matched to the device stack. For
textile or fabric-based systems, cleaning and moisture
robustness become part of the packaging problem itself.
In this direction, Sun et.al.[25] shows that hydrophobic
outer protection can help prevent delamination and
oxidation of conductive networks in highly humid
or sweat-rich conditions, while washable breathable
sensors demonstrate that maintenance durability must
be treated as a functional requirement rather than an
afterthought. Together, these studies show that future
substrate and encapsulation design must deliver not only
softness, but also safe, cleanable, and stable operation
in daily use.
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for electrophysiology22. b Chemical structure of PEDOT:PSS, graphene, sodium dodecyl sulfate (SDS), and
bis(trifluoromethane) sulfonimide lithium salt (BSL). ¢ Schematic illustration of the fabrication process of the double-
layer stacked structure of PEDOT:PSS/graphene. Inset is a transparent PTG held on a plastic substrate. Reprinted with
permission [6] , Creative Commons Attribution 4.0 (CC BY 4.0), https://creativecommons.org/licenses/by/4.0/.

a Schematic illustration of PEDOT:PSS transferred CVD graphene film (PTG) as a skin electrode
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3.2 CONDUCTIVE AND OPTOELECTRONIC
MATERIALS

Once the substrate is selected, the next design layer is
the set of active electrical and optical materials. Here,
the research converges on a practical requirement:
conductors, emitters, and detectors must retain
performance under strain while remaining compatible
with thin, low-temperature, and often solution-based
fabrication routes suitable for wearable formats.

For conductors, there are two main strategies for
materials design. The first is to use high-conductivity
metal-based systems, often reformulated into deformable
or porous forms. Tang et. al.[26] reports printable metal-
polymer conductors with conductivity of 2316 S cm-1
at 500% strain and resistance change below 3% after
10,000 cycles, underscoring the exceptional electrical
robustness achievable with liquid-metal-derived
composites. The limitation is that these systems often
need additional protection against leakage, oxidation,
cracking, or delamination, particularly when integrated
into thin on-skin patches. The second strategy is to rely
on intrinsically softer conductors, especially conductive
polymers, that better match the mechanics of skin-
interfaced device[27].

Among conductive polymers, PEDOT:PSS is the most
recurrent material because it can be printed, blended,
and mechanically softened without abandoning useful
conductivity. Lo et.al.[27] shows that adding ethylene
glycol (EG) promotes PEDOT/PSS phase separation and
structural rearrangement, improving charge transport
through a more percolated PEDOT network; subsequent
blending with PEO imparts stretchability, allowing
the printed films to tolerate up to 50% tensile strain
with relatively small electrical degradation. Figure
6 compares pristine PEDOT:PSS with EG-modified
films and schematically links solvent-induced phase
separation to improved hole transport. It supports the
broader point that conductive-polymer performance in
wearable biosensors is strongly governed by morphology

engineering, not just nominal composition. What
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emerges across the PEDOT:PSS papers is a recurring
compromise: additives that improve conductivity and
additives that improve elasticity are not interchangeable,
so wearable biosensor conductors are usually engineered
around a targeted balance point rather than a single
maximized property

For PPG and SpO, sensing, the materials problem
shifts from simple conduction to coupled light emission
and detection. Dcosta’s review makes clear that all-
organic pulse-oximetry platforms rely primarily on
organic light-emitting diodes (OLEDs) or polymer
light-emitting diodes as the light source and organic
photodetectors (OPDs) as the detector, typically
fabricated on ultrathin polyethylene naphthalate (PEN),
polyethylene terephthalate (PET), or parylene-class
substrates. These systems are attractive because organic
semiconductors are lightweight, solution-processable,
compatible with large-area flexible substrates, and
more naturally suited to conformal body contact than
conventional rigid silicon components. Current design
trends favor reflective-mode PPG for wearables, with
circular emitter-detector geometries providing superior
performance over rectangular alternatives. Central to
this design is the need for conformal contact, which
mitigates motion artifacts and prevents optical crosstalk.
Figure 7 illustrates a representative flexible organic
PPG architecture[28]. It supports the point that wearable
optical biosensors depend simultaneously on material
stack design, mechanical flexibility, and anatomical
placement.

3.3 DEVICE ARCHITECTURE AND MECHANICS

The mechanical reliability of flexible biosensors depends
as much on structural layout as on material selection .
Recent studies of stretchable hybrid electronics show
that high-performance wearable systems are commonly
built by placing rigid sensing or processing elements on
low-strain regions and linking them through deformable
interconnects, so that the applied strain is redirected
away from fragile components[30]. This rigid—flex
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a Schematic illustration of PEDOT:PSS transferred CVD graphene film (PTG) as a skin electrode

for electrophysiology22. b Chemical structure of PEDOT:PSS, graphene, sodium dodecyl sulfate (SDS), and
bis(trifluoromethane) sulfonimide lithium salt (BSL). c Schematic illustration of the fabrication process of the double-
layer stacked structure of PEDOT:PSS/graphene. Inset is a transparent PTG held on a plastic substrate. Reprinted with
permission [7] , Copyright © 2018, American Chemical Society.
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Figure 6. Morphology of the pristine PEDOT:PSS and PEDOT:PSS thin films with 5 wt % EG27. Height and phase images
of printed thin films of (a) PEDOT:PSS and (b) PEDOT:PSS with 5 wt % EG obtained with tapping-mode AFM. (c)
Schematic illustration of the hole transport in the pristine PEDOT:PSS thin film. (d) Schematic illustrating the PEDOT:PSS
phase separation and structural rearrangement after the addition of EG. Reprinted with permission [8] , Copyright © 2021,
American Chemical Society.

strategy is attractive because it preserves the electrical
performance of conventional devices while maintaining Finger
the conformal contact needed for on-skin sensing;
however, it also introduces stress concentration at the
interface between rigid and soft regions, which remains
a major source of failure. Figure 8 shows representative
structural designs for stretchable interconnects in
hybrid systems. A more specific mechanics problem
emerges in island-bridge layouts, where rigid islands
are bonded to soft substrates. Ma et al. show that this
modulus mismatch generates a pronounced island
effect, producing localized strain concentration near the
island boundary under biaxial stretching; importantly,
the normalized island size (R/L) is identified as the
main parameter controlling the deformation field, BCP (8 nm)
with larger islands causing sharper local strain €50 (20 )
amplification[32]. These results clarify the central
trade-off in flexible biosensor design: increasing rigid
areas can improve functional integration, but it also
raises the risk of interfacial damage and mechanical
instability. This mechanics-guided view provides
the foundation for evaluating how specific biosensor
modalities preserve performance during real-world
wear. Figure 9 visualizes the strain concentration that
develops around rigid islands on a soft substrate, which
shows the geometric model of an island—substrate
system and the corresponding localized strain field near
the island edge. It directly supports the conclusion that
rigid—soft modulus mismatch governs interfacial strain
concentration in island-based flexible electronics.

Photodetector|

Figure 7: (a) Schematic of the acquisition of PPG signal
from the reflection method. (b) The fabricated organic
biosensor pulse meter. (c) A cross-section of the organic
material structure of the OLED and OPD for the devices.
Adopted with permission [9], Creative Commons Attribution
4.0 (CC BY 4.0),
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(CC BY 4.0),

4. FABRICATION AND INTEGRATION

STRATEGIES
41 PRINTING AND ADDITIVE

MANUFACTURING

Printing-based fabrication has become a major route
for flexible biosensors because it enables electrodes,
interconnects, and active layers to be patterned directly
on compliant substrates with fewer process steps than
conventional microfabrication. More importantly, the
distinction among printing approaches lies not simply
in the deposition method itself, but in the tradeoff, each
offers among prototyping speed, throughput, material
compatibility, and device reproducibility. Inkjet
printing is particularly attractive for digital, maskless
patterning of multiplexed sensor arrays and integrated
interconnects on flexible substrates. Recent studies
further indicate that advances in ink formulation

J. Neuro. Intel. 2026, Vol 3, 1-20

and interface engineering can substantially improve
adhesion, charge transfer, and long-term operational
stability in fully printed wearable platforms[33, 34 ]
By contrast, screen printing remains highly valuable
for low-cost and reproducible disposable devices,
although its dependence on physical screens and
relatively viscous contact inks makes rapid redesign
and the deposition of sensitive solution-processed
materials less straightforward.

Additive manufacturing, particularly extrusion-
based 3D printing, further extends this fabrication
landscape by enabling custom geometries, rapid
design iteration, and small- to medium-batch
production. A representative example is provided by
the carbon-based biosensors of Marculescu et al.,[35]
which were printed on Kapton and transferred to
poly(dimethylsiloxane) (PDMS) with an extrusion
resolution of 100 pm, illustrating how 3D printing can
support rapid customization and potential integration
into wound-dressing-type platforms. At the same



time, this example also highlights broader challenges
that remain across the field, including printable
ink formulation, transfer fidelity, and downstream
encapsulation. Overall, the literature suggests that
printing-based fabrication is most advantageous when
low-cost, large-area, customizable, or disposable
manufacturing is required, whereas performance-
critical systems still depend strongly on interface
control, material optimization, and post-processing.
This emphasis on direct patterning and scalable
fabrication naturally leads to a second strategy:
integrating high-performance ultrathin devices
with soft substrates through transfer printing and
lamination.
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Figure 9: The geometric model of the island-substrate

structure with island effect. a) Contour plot of the
normalized normal strain along the x direction in the
island-substrate structure (front view). b) A periodic array
and a representative unit of the island-substrate structure.
c¢) Schematic diagram of the geometric model for the
island effect.[32] Reprinted with permission 11 , ©2025
Small published by Wiley VCH GmbH.

4.2 TRANSFER PRINTING AND LAMINATION

Transfer printing and lamination address a different
integration challenge. Rather than patterning all
functional components directly onto soft substrates,
these approaches relocate ultrathin active layers or
prefabricated devices onto skin-like supports while
preserving device performance. A growing body of
research highlights the importance of this strategy
for epidermal electronics, where conformability,
imperceptibility, and gentle skin coupling are as
essential as electronic functionality.[36-38]

This design logic is well illustrated by the transferable
e-tattoo architecture reported by Huttunen et al.,[37]
in which a 30 pm breathable PDMS multilayer
supports printed Ag/AgCl electrodes and encapsulated
interconnects while maintaining defined openings for
skin contact and exposed pads for external electronics.
This approach is particularly noteworthy because it
conceptualizes the entire signal transmission pathway,
from the skin interface to the reusable module, as an
integrated element of transfer printing design rather
than a downstream assembly consideration. In parallel,
Burtscher et al.[38] used temporary tattoo paper as a
decal-transfer substrate for ultrathin printed organic
photodiodes, showing that transfer approaches can
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support not only electrodes but also optoelectronic
elements with sub-micrometer supporting films and
high conformability. Figure 9 illustrates the multilayer
architecture of e-tattoo systems and their integration
onto skin, emphasizing the role of transfer printing
and lamination in achieving conformal contact
together with protected interconnect routing.

Overall, transfer printing is strongest when device
performance depends on ultrathin geometry,
heterogeneous materials, or skin-like mechanics,
but its success depends on reliable release layers,
lamination fidelity, and connection design. These
requirements make system-level integration the next
critical challenge

4.3 SYSTEM LEVEL INTEGRATION

At the system level, the performance of flexible
biosensors depends not only on mechanical
compliance with skin but also on reliable interfacing
with signal-conditioning electronics, power supplies,
and protective packaging suitable for practical use.
Recent studies consistently identify the soft—hard
interface as a major bottleneck, because failure often
occurs not in the sensing element itself, but at the
transition between ultrathin soft devices and more rigid
components such as cables, circuit boards, batteries,
or communication hardware. [39, 40].For connectors
and interconnect routing, current strategies generally
include flexible cable extension for conventional
flat-flex connectors, anisotropic conductive bonding
to external wiring, and direct printing of conductors
from compliant sensor platforms to external contact
pads. These routes differ in footprint, process
complexity, and layout freedom, making connector
choice application-specific rather than universal. The
practical implementation of this principle can be seen
in the e-tattoo platform of Huttunen et al.,[37] where
exposed tattoo pads connect the skin-mounted sensor
to a reusable wireless ECG recorder built on a 100 pm
TPU substrate and incorporating a microcontroller,
analog front-end, Bluetooth unit, and a thin coin-cell
battery. As shown in Figure 10 a-b, this design makes
clear that practical wearable integration begins at
the epidermal interface, where electrical continuity,
mechanical compliance, and module reusability must
be coordinated rather than optimized separately.

A complementary integration strategy is demonstrated
by Xu et al.,[41] who combined flexible tactile sensors
with flexible printed circuit boards, amplifiers,
antennas, batteries, and Bluetooth circuitry to realize
wireless biomechanical monitoring. Their work
further extends to ASIC-coupled tactile arrays and
bonding-wire interconnects, highlighting that system-
level performance depends not only on the softness
of the sensing layer, but also on scalable assembly,
reliable chip-to-substrate routing, and compatibility
with established electronic packaging practices.

Packaging and power management further complete
this system perspective. Across the literature, stable
wearable operation requires effective encapsulation,
suppression of signal drift, reliable interconnection,
and practical power delivery. Accordingly, truly
standalone flexible biosensors must integrate sensing,
signal processing, communication, and power
management within a unified system architecture
rather than rely primarily on external instrumentation.
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Figure 10: The operation principle of the electronic tattoo. (a) Schematic of the representative e-tattoo multilayer
structure on the print-carrier substrate before release; release occurs at the PET/PVA interface. (b) Transfer sequence:
(i) detachment from the carrier, (ii) placement onto skin, (iii) removal of the PVA release layer by washing, (iv) optional
drying, (v) final mounting on skin, and (vi) removal from skin.(c) Schematic cross-sectional view of the e-tattoo on skin
after removal of the PVA layer, with integrated ECG electronics.(d) Optical image and enlarged view of the e-tattoo
mounted on human skin; the ECG electronics are omitted here for visual clarity. Adapted from Huttunen et al., [37]
Advanced Materials Technologies 2022, 7, 2101496 (DOI: 10.1002/admt.202101496), licensed under Creative Commons
Attribution 4.0 (CC BY 4.0). https://creativecommons.org/licenses/by/4.0/.

Figure 11: System-level integration of flexible biosensors for wearable health monitoring. (a) Optical image of the
stretchable ECG electronics module. (b) Optical image of the stretchable ECG electronics coupled to a skin-mounted
e-tattoo. Adapted from Huttunen et al., [37] Advanced Materials Technologies 2022, 7, 2101496 (DOI: 10.1002/
admt.202101496), licensed under Creative Commons Attribution 4.0 (CC BY 4.0). https://creativecommons.org/licenses/

by/4.0/.
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5. SIGNAL PROCESSING AND MACHINE
LEARNING WITH FLEXIBLE BIOSENSORS

The sensor architectures, stretchable interconnects,
and fabrication strategies described in Sections 3—4
determine not only mechanical reliability but also
the noise floor, artifact profile, and multimodal data
quality that downstream algorithms must accommodate.
Flexible biosensors introduce signal-conditioning
challenges that are largely absent in rigid clinical
instrumentation: motion artifacts from skin—electrode
delamination, stretch-induced impedance variation
across serpentine or island-bridge traces, baseline drift
from conformal contact changes, and time-varying
crosstalk in densely printed multimodal arrays [42,
43].These challenges, however, also create unique
opportunities for AI systems that can learn sensor-
specific artifact signatures and exploit co-registered
multimodal streams.

5.1 CLASSICAL SIGNAL PROCESSING
PIPELINES

Traditional preprocessing remains essential even when
deep learning is employed for final inference. For
flexible ECG patches, the canonical pipeline comprises
hardware-level analog front-end filtering (0.05-150
Hz bandpass), followed by digital baseline-wander
removal (typically a high-pass Butterworth or cubic-
spline interpolator at 0.5 Hz), power-line notch filtering
at 50/60 Hz, and motion-artifact suppression[44]
.Motion-artifact rejection is particularly critical for
conformal wearables: adaptive filters (LMS, NLMS,
RLS) that use a co-located accelerometer or gyroscope
as a reference channel remain the most widely adopted
approach, although recent work has demonstrated 2-D
convolutional denoising autoencoders that operate
directly on spectrogram representations of corrupted
ECG from flexible substrates[45] . Wavelet-based
denoising (discrete wavelet transform with soft
thresholding) and empirical mode decomposition
(EMD) continue to offer complementary time-—
frequency localization advantages for non-stationary
biosignals such as PPG and electrodermal activity[44] .
For cuffless blood-pressure estimation, pulse-transit-
time (PTT) extraction from synchronized ECG-PPG
flexible arrays demands sub-millisecond temporal
alignment, making clock-jitter and sampling-rate
mismatch between heterogeneous printed front-ends
a non-trivial preprocessing concern[7].Similarly,
biochemical channels (sweat glucose, lactate) require
drift compensation and temperature correction before
meaningful feature extraction, underscoring the need
for physics-aware preprocessing that accounts for
the specific transduction mechanism and substrate
deformation state[43] .

5.2 MACHINE-LEARNING METHODS

Supervised learning on flexible-sensor data has
progressed rapidly from conventional classifiers
(random forests, SVMs, gradient-boosted trees) to deep
architectures. One-dimensional convolutional neural
networks (1-D CNNs) and residual networks dominate
single-lead ECG arrhythmia detection, achieving >99%
accuracy on benchmark datasets when combined with
attention mechanisms[46] .Recurrent architectures
(LSTMs, bidirectional GRUs) remain competitive for
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time-series forecasting tasks such as continuous blood-
pressure tracking, where temporal context across
multiple cardiac cycles is essential[7] . More recently,
transformer-based models have demonstrated strong
performance for ECG interpretation: hybrid CNN-
transformer networks capture both local morphological
features and long-range dependencies, while large-
scale ECG foundation models trained on more than
10 million recordings achieve expert-level diagnostic
accuracy across 80 cardiovascular conditions and
transfer effectively to single-lead wearable data[47,
48] . Multimodal fusion is emerging as a key advantage
of flexible platforms that co-integrate ECG, PPG,
temperature, and biochemical channels on a single
skin-conformal patch. Attention-based cross-modal
architectures and diffusion transformers can now
perform signal reconstruction, denoising, imputation,
and cross-modal translation across PPG, ECG, and
blood-pressure waveforms, enabling robust inference
even when individual channels are corrupted by
motion[43, 49]. Federated learning addresses the
privacy constraints inherent in wearable health data:
cross-device federated autoencoder frameworks
enable ECG anomaly detection without raw data
leaving the sensor node, while differential-privacy
guarantees further protect patient information[50, 51]
. Self-supervised pretraining on large-scale unlabeled
wearable recordings exemplified by PPG and ECG
foundation models promises to reduce the labeled-
data burden that currently limits clinical translation of
flexible-sensor AI[51, 52] .

5.3 "“DESIGN-FOR-AI" CONSIDERATIONS

The co-design of sensor hardware and machine-learning
pipeline is critical for flexible wearables and represents
a paradigm shift from the traditional sequential design
approach. Several hardware—algorithm interaction
pathways merit explicit consideration.

Sensor placement and modality selection:

Electrode location and inter-electrode spacing on
island-bridge arrays directly govern ECG lead-field
geometry and, consequently, the morphological features
available to downstream classifiers. Huang et al. (2025)
[53] demonstrated that Al-guided optimization of wear
positioning on a flexible ECG patch significantly
improved diagnostic accuracy relative to fixed-location
designs. Similarly, the choice of PPG wavelength and
photodetector placement on stretchable substrates
determines signal-to-noise ratio across skin tones,
which in turn bounds the achievable accuracy of SpO,
and heart-rate modesl[54].

Mechanical layout and noise topology:

Serpentine interconnects and island—bridge
architectures (Section 3) localize strain to geometrically
designed deformation zones, producing spatially
structured noise patterns that differ fundamentally
from the uniform Gaussian noise assumed by most
standard denoising algorithms. Stretchable in-sensor
computing platforms based on organic electrochemical
transistor (OECT) arrays have shown that reservoir-
computing accuracy remains above 90% even at
50% tensile strain, provided the mechanical design
confines deformation away from active transduction
elements[55] .In contrast, fully printed sensor arrays
without strain-isolation features exhibit correlated
noise across channels, requiring multichannel blind-
source-separation or physics-informed artifact models
for effective signal recovery[56] .

Sampling schemes and on-device feasibility:
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Fabrication method constrains front-end resolution and
power, which directly determines model complexity.
Screen-printed electrodes with thick-film interconnects
typically support lower sampling rates (125-250
Hz) than photolithographically patterned thin-film
counterparts (500-1000 Hz), limiting the temporal
features available formorphological analysis. Quantized
and pruned CNN architectures (INT8, binary-weight
networks) are therefore essential for deployment on
the microcontrollers commonly paired with printed
flexible sensors[57] .Conversely, rigid—flex hybrid
systems with ASIC front-ends permit higher-fidelity
sampling and support transformer-based inference at

INTELLIGENCE

the edge, illustrating how fabrication choices cascade
into algorithm design space[58] .

Integrated device platforms:

Fully standalone stretchable systems that combine
sensing, preprocessing, and adaptive ML on a single
conformal platform have recently been demonstrated.
Xu et al. (2023)[52] reported a hydrogel-electrode
device with embedded triaxial accelerometry and on-
board adaptive ML achieving >90% classification
accuracy for motion and speech tasks, highlighting that
end-to-end design-for-Al can substantially mitigate
the data-quality challenges inherent in flexible form
factors.

Signal Processing and AI/ML Pipeline for Flexible Biosensors
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Figure 12: Signal processing and AI/ML pipeline for flexible biosensors in health monitoring. Raw biosignals (ECG,
PPG, temperature, sweat biochemical analytes) acquired by skin-conformal multimodal sensor patches undergo sequential
processing through four stages: (i) analog front-end conditioning, where fabrication method (printed vs. lithographic)
constrains achievable sampling rate and resolution; (ii) classical digital signal processing, including baseline-wander
removal, power-line notch filtering, and adaptive motion-artifact rejection using co-located inertial references; (iii)
machine-learning inference, spanning conventional classifiers (RF, SVM), deep architectures (1-D CNN, LSTM,
transformer), foundation models, and federated learning frameworks; and (iv) clinical decision outputs (arrhythmia
detection, cuffless blood-pressure estimation, SpO,, mental-health biomarkers). The bottom annotation highlights the
design-for-AI principle: mechanical layout choices made in Sections 3-4 (island-bridge and serpentine architectures,
printed vs. transfer-printed interconnects) directly shape the noise topology, artifact profile, and feature space available to
downstream algorithms, thereby co-determining model accuracy, robustness, and on-device feasibility.

6. TOWARD EDGE AND NEUROMORPHIC

INTELLIGENCE
6.1 CLASSICAL SIGNAL PROCESSING

PIPELINES

Continuous health monitoring with flexible wearables
demands real-time, low-power inference at or near
the sensor node rather than dependence on cloud
connectivity. Edge-Al implementations address four
interrelated requirements: latency (sub-second alerting
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for arrhythmia or seizure), privacy (health data never
leaving the device), power (microwatt-to-milliwatt
budgets compatible with thin-film batteries or energy
harvesters), and resilience in disconnected, disrupted,
intermittent, or low-bandwidth (DDIL) environments
such as rural clinics, disaster zones, and ambulatory
home settings58.

TinyML frameworks—TensorFlow Lite Micro, Edge
Impulse, and microTVM—enable deployment of
quantized CNNs and lightweight transformers on Arm
Cortex-M class microcontrollers with as little as 256 kB
SRAM. Recent surveys document sub-50 ms inference
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latency and fewer than 30 MB memory footprint for
hybrid transformer-based ECG classifiers running on
Raspberry Pi 4B, while INT8-quantized CNNs achieve
clinically acceptable arrhythmia detection on sub-dollar
microcontrollers paired with printed flexible ECG
patches[57, 61] .Knowledge distillation—compressing
a large teacher network into a student model with 10—
100x fewer parameters—and structured pruning further
shrink model footprints without significant accuracy
loss. On-device micro-training (so-called p-trainers)
extends this paradigm by enabling personalized fine-
tuning directly on the wearable, eliminating the
need for cloud round-trips and improving robustness
to user-specific anatomy and skin—electrode
interface variability[62]. Emerging memristor-based
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neuromorphic accelerators offer an additional path to
ultra-low-power, in-memory computation for these
edge-Al biosensing workloads, with recent comparative
reviews highlighting how different machine learning
algorithms map onto memristive synapses for dense,
energy-efficient inference at the sensor node[63].
Federated learning at the edge provides acomplementary
privacy-preserving pathway. In cross-device FL
architectures, each wearable node trains a local model
update that is aggregated centrally without transmitting
raw biosignals, enabling population-scale learning
from heterogeneous flexible-sensor hardware while
satisfying regulatory data-residency requirements.[50,
61].

Table 1: Comparison of machine-learning approaches for flexible biosensor data. Accuracy ranges are representative
values from single-lead ECG arrhythmia classification or cardiovascular diagnostics; actual performance varies with task,
dataset, and sensor hardware. Edge suitability rated from * (poor) to ****%* (excellent) based on combined model size,

latency, and power requirements.

Method Typical Accuracy | Latency Model Size Data Edge Suitability | Key References
Requirement

RF / SVM / 85-95% <Ims <1MB Low-Moderate [ ¥¥*** [37,56,81]

XGBoost (hundreds)

1-D CNN / 95-99% 1-10 ms 0.5-10 MB Moderate ok [46,42]

ResNet (thousands)

LSTM / Bi-GRU [ 90-97% 5-50 ms 1-20 MB Moderate-High | *** [759]
(thousands)

Transformer 97-99.6% 10-100 ms 5-100 MB High (tens of ** [46,48]

/ CNN- thousands)

Transformer

Foundation AUROC >0.95 50-500 ms 50-500 MB Very low (few- | * (cloud)/ ** [47,51]

Model (80 dx) shot fine-tune) | (distilled)

(pretrained)

Federated Comparable to | Per-round: Same as Distributed ok [50,51]

Learning (any centralized minutes backbone (multi-device)

backbone)

Diffusion Cross-modal 100 ms 50-200 MB Very high * [60,49]

Transformer RMSE <5% (millions)

(generative)

6.2 OPPORTUNITIES FOR NEUROMORPHIC
AND IN-MEMORY COMPUTING

Biosignals acquired by flexible sensors are inherently
event-driven and temporally sparse: an ECG R-peak, a
PPG pulse onset, or a sweat-analyte threshold crossing
each represents a discrete, information-rich event
embedded in a largely quiescent baseline. This temporal
sparsity aligns naturally with neuromorphic computing

paradigms—spiking neural networks (SNNs), reservoir
computing, and in-memory analog processing—that
activate computation only in response to input events
and thereby achieve orders-of-magnitude reductions
in energy per inference relative to conventional von
Neumann architectures[64-66] .

Reservoir computing offers a particularly compelling
match for wearable biosignals classification because
it requires training only a linear readout layer while
exploiting the intrinsic nonlinear dynamics of a



physical substrate as the recurrent reservoir. MoS,-
based charge-trap memory devices have demonstrated
real-time epileptic seizure detection via reservoir
computing with sub-microwatt power consumption,
while solution-processed ferroelectric memcapacitive
synapses achieve energy-efficient ECG classification
in a form factor compatible with printed flexible
electronics[60, 67].0rganic electrochemical transistor
(OECT) arrays fabricated by inkjet printing on flexible
substrates have been configured as wearable in-sensor
reservoir-computing platforms, performing gesture
recognition at >90% accuracy under 50% mechanical
strain[55].

The convergence of printed neuromorphic hardware
and flexible biosensing has recently yielded fully
integrated prototypes[68]. Choi et al. (2025)[69]
demonstrated an all-printed, chip-less wearable
neuromorphic system using inkjet-printed artificial
synapses for simultaneous metabolite, cardiac, and
temperature monitoring; the device performed on-body
sepsis-risk stratification without any silicon integrated
circuit. Similarly, retrainable organic neuromorphic
biosensors with on-chip learning have classified
cystic fibrosis biomarkers directly from sweat without
external software training[70]. These devices embody
the concept of brain-like triage engines: low-power,
event-responsive processors that perform clinically

meaningful classification at the sensor interface
and transmit only high-level alerts or compressed
feature vectors, dramatically reducing communication
bandwidth and battery drain in continuous monitoring
scenarios[64, 71].

7.CHALLENGES AND FUTURE DIRECTIONS

Reliability and calibration drift:.

Long-term deployment of flexible biosensors is
constrained by signal drift arising from biofouling,
sweat accumulation, mechanical fatigue of stretchable
interconnects, and progressive degradation of enzyme-
or ionophore-functionalized electrodes. Recent
advances in stretchable organic field-effect transistor
architectures with differential readout have reduced
baseline drift by up to two orders of magnitude under
repeated mechanical deformation[72,80] ,while
machine-learning-based drift compensation using
temporal CNNs and LSTM-RNN models offers a
complementary algorithmic pathway[73].Nonetheless,
no current flexible platform has demonstrated drift-
free operation beyond several days of continuous wear
without recalibration, and self-healing or antifouling
surface chemistries remain at an early research stage
for wearable substrates[74].

Computing Paradigm for Flexible Wearable Biosensors
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Figure 13: Comparison of computing paradigms for wearable flexible biosensor data processing. (a) Cloud offload:
raw biosignals are transmitted via wireless link (BLE/Wi-Fi) to remote GPU servers for inference, offering unlimited
model complexity but incurring high latency (0.1-2 s), substantial bandwidth requirements, and reduced data privacy.
(b) Edge TinyML: quantized and pruned models (INT8 CNNs, lightweight transformers) execute directly on co-located
microcontrollers (Arm Cortex-M class), achieving sub-50 ms latency and milliwatt-level power while retaining data on-
device; model compression techniques (knowledge distillation, structured pruning) bridge the gap between cloud-level
accuracy and resource-constrained hardware. (c) Neuromorphic in-sensor computing: event-driven biosignal features
(R-peaks, pulse onsets, analyte threshold crossings) are processed by embedded neuromorphic substrates—spiking neural
networks, physical reservoir computers (e.g., OECT arrays, MoS, memristors), or printed organic artificial synapses—at
sub-microwatt power and sub-millisecond latency, transmitting only compressed alerts or feature vectors. The bottom strip
summarizes key trade-offs across paradigms: power per inference decreases by approximately six orders of magnitude
from cloud to neuromorphic, while hardware maturity follows the inverse trend, underscoring the complementary roles of
each paradigm in a tiered wearable intelligence architecture.
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Table 2: Comparison of computing paradigms for wearable flexible biosensor data processing. Power-per-inference values
for cloud ML reflect server-side consumption and exclude sensor-node power; edge and neuromorphic values reflect total

system power at the sensor node. Hardware maturity ratings reflect 2025 state-of-the-art.

Computing Power / Latency Model Flexibility | HW Maturity Flexible-Sensor | Key Refs
Paradigm Inference Demonstration
Cloud ML (GPU | 50-300 W 01-2 s (incl. Unlimited High ECG foundation | [4760]
server) (server-side) network) model, 10M
recordings;
diffusion
transformer for
PPG/ECG/BP
Edge TinyML 1-500 mW <50 ms Moderate (INT8, [ High Hybrid [5761]
(MCU / SoC) pruned) transformer on
RPi4B (<30 MB);
quantized CNN
on flexible ECG
patch
Spiking Neural | 10-100 pW 1-10 ms (event- | Limited (STDP, | Medium (Loihi, | ECG arrhythmia | [65,66]
Network driven) surrogate grad.) | SpiNNaker) and EMG
classification on
neuromorphic
hardware
Reservoir 01-10 pW <Ims Low (linear Low-Medium MoS, reservoir | [67,55]
Computing readout only) for seizure
(memristive) detection; OECT
array at 50%
strain for gesture
recognition
In-Memory 0.01-1uW <100 ps Low-Moderate | Low (research- | Ferroelectric [60,71]
Computing (fixed weights) | stage) memcapacitor
(crossbar) for ECG
classification;
emerging loMT
memory devices
Printed <10 yw <10 ms Low (task- Low (proof-of- | All-printed [69,70]
Neuromorphic [ (estimated) specific) concept) wearable: sepsis
(chip-less) triage with
inkjet synapses;
retrainable
organic
biosensor for CF

Skin-tone and anatomical variability:

Melanin-dependent optical absorption introduces
systematic bias in PPG-based SpO, estimation, with
meta-analytic evidence demonstrating clinically
significant errors exceeding the 3% ARMS
regulatory threshold in individuals with darker skin
pigmentation[75].The largest prospective study to date
(631 patients, 1,760 paired measurements) confirmed
that pulse-oximeter bias varies significantly with skin
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tone as measured by the Monk Skin Tone Scale[76]
.Mitigation strategies include multi-wavelength
sensing, melanin-aware regression algorithms, and
physics-based Monte Carlo correction models, yet
the FDA now mandates skin-tone subgroup reporting
in pulse-oximeter submissions[77].Anatomical
variability—differences in subcutaneous fat thickness,
vessel depth, and wrist geometry—further compounds
inter-subject generalization challenges for flexible



wrist-worn and patch-type devices.

Data quality, labeling, and bias:

Wearable health Al is fundamentally constrained by
training-data limitations. Ambulatory recordings from
flexible sensors contain far higher proportions of
corrupted, unlabeled, or ambiguously labeled segments
compared with clinical-grade datasets. Demographic
imbalance in publicly available wearable datasets—
overrepresentation of young, healthy, light-skinned
populations—propagates into algorithmic bias that
disproportionately affects underserved communities
[71]. Self-supervised pretraining on large-scale
unlabeled wearable data (foundation models) partially
mitigates label scarcity, but equitable performance
across demographic subgroups requires deliberate
stratified evaluation and debiasing during both data
curation and model development[51].

Regulatory considerations:

The U.S. FDA’s evolving framework for AI/ML-based
Software as a Medical Device (SaMD) directly affects
flexible biosensor products. The January 2025 draft
guidance on Al-enabled device software functions
introduces lifecycle management requirements
including model cards, predetermined change control
plans (PCCPs), and continuous real-world performance
monitoring[77]. The joint FDA—Health Canada—-MHRA
Good Machine Learning Practice (GMLP) guiding
principles and the 2024 transparency principles further
mandate representative clinical study populations and
disclosure of known biases[78, 79].For flexible-sensor
manufacturers, compliance demands end-to-end
traceability from sensor calibration through algorithm
versioning to clinical outcome, a requirement that
current research prototypes rarely address.
Standardized benchmarks:

The field lacks publicly available benchmark datasets
that couple raw flexible-sensor signals with gold-
standard clinical annotations, demographically
balanced cohorts, and metadata describing sensor
type, substrate material, fabrication batch, and wear
conditions. Efforts such as the WildPPG dataset (216
hours of continuous real-world PPG with synchronized
ECG ground truth) and the CAPTURE-24 activity-
recognition corpus represent important steps, but no
analogous resource exists for printed or stretchable
biosensor modalities[52]. Standardized evaluation
protocols that report accuracy stratified by skin
tone, body-mass index, motion intensity, and sensor
wear time are essential for meaningful cross-study
comparison and regulatory acceptance.
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Integrated outlook:

The convergence of mechanically robust flexible
biosensors, data-efficient AI (foundation models,
federated learning, physics-informed architectures),
and neuromorphic edge hardware offers a credible
pathway toward truly autonomous, skin-conformal
health-monitoring systems. Realizing this vision
will require coordinated advances across materials
science  (drift-free, biocompatible transducers),
electrical engineering (ultra-low-power neuromorphic
ASICs and printed synaptic devices), computer
science (equitable, privacy-preserving algorithms),
and regulatory science (adaptive frameworks for
continuously learning devices). The design-for-Al
philosophy articulated throughout this review—in
which sensor architecture, fabrication process, signal
conditioning, and machine-learning model are co-
optimized from inception—provides the intellectual
scaffold for this interdisciplinary integration.

8. CONCLUSION

The integration of artificial intelligence with flexible
biosensors represents a paradigm shift toward
continuous, personalized health monitoring. Realizing
this potential requires a “design-for-AI” framework,
wherein sensor materials, mechanical layouts,
and data modalities are co-optimized to maximize
downstream algorithmic efficacy. High-fidelity
physiological tracking demands precise mechanical
architectures to mitigate motion artifacts and maintain
stable skin contact, while multimodal data fusion
provides the contextual variables necessary to isolate
true physiological signals from environmental noise.
Furthermore, decentralizing computation through
edge machine learning and neuromorphic in-sensor
processing drastically reduces power consumption
and latency while preserving patient privacy. Despite
these advances, translating prototypes into reliable
clinical tools requires overcoming substantial
challenges. Further research must resolve long-term
calibration drift caused by biofouling and mechanical
fatigue, mitigate algorithmic biases stemming from
demographically imbalanced training data, and align
with rigorous regulatory frameworks. Ultimately,
deploying autonomous, skin-conformal monitoring
systems necessitates unprecedented interdisciplinary
collaboration across materials science, electronic
engineering, computer science, and regulatory fields.
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