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Advances in intelligent multi-mode lateral flow
assays: from multi-metallic nanomaterials to
smart analytical integration
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Seunghyun Lee, *bcd Jingbin Zeng *a and Jaebum Choo *e

Lateral flow assays (LFAs) have evolved from simple qualitative tools into intelligent, multi-modal

analytical platforms that integrate rationally engineered multi-metallic nanoparticles (MMNPs) with

artificial intelligence (AI)-assisted data analysis to redefine the frontier of point-of-care diagnostics. This

transformation has been driven by the advent of MMNPs, which couple plasmonic, catalytic, and

magnetic properties within a single nano-system to achieve the tuneable synergistic enhancement of

sensitivity, specificity, and dynamic range. The rational design of alloy, core–shell, hetero-structured, and

hollow MMNP architectures allows simultaneous multi-signal readouts (e.g. colourimetric, fluorescence,

chemiluminescence, surface-enhanced Raman scattering, photothermal, and electrochemical), thereby

enabling intrinsic cross-verification and expanding diagnostic reliability. Parallel advances in AI,

smartphone integration, and the Internet of Things connectivity have further elevated LFAs into digitally

networked biosensors where embedded algorithms perform automated signal interpretation, error

correction, and multi-mode data fusion, while cloud-linked infrastructures enable remote monitoring

and epidemiological intelligence. These developments collectively reframe LFAs as integral components

of data-driven, personalised, and preventive healthcare systems. Herein, we provide a unified framework

that links design-on-demand MMNP synthesis, fully automated microfluidic LFA devices, AI-enhanced

clinical decision support, and regulatory standardisation, and outline strategies for translating next-

generation intelligent LFAs from laboratory innovation to global medical deployment.

1. Introduction

Advances in modern medicine are inextricably linked to the
ability to perform accurate and timely diagnostic measure-
ments. Healthcare needs are shifting from reactive treatment
to proactive health management, and demand for preventive,
personalized, and precision medicine is on the rise. This shift
necessitates the development of diagnostic technologies that
are not only accurate and reliable but also readily accessible,
rapid, and information rich. For decades, the gold standard for

bioassays has relied on sophisticated laboratory techniques
such as cell culturing, polymerase chain reaction (PCR), and
enzyme-linked immunosorbent assays. Although these meth-
ods are highly sensitive and specific, they require specialised
equipment, trained personnel, centralised facilities, and long
turnaround times and are therefore impractical for widespread
use in point-of-care testing (POCT) settings such as in commu-
nity clinics, pharmacies, and remote field environments, where
rapid and accessible diagnostic results are paramount.1–3

Lateral flow assays (LFAs) have long been at the forefront of
POCT and have a long-standing history of use in biological
testing (e.g. home pregnancy testing and initial screening for
respiratory virus antigens) owing to their user-friendly nature,
low cost, high detection speed, and minimal instrument
requirements.4–6 The LFA test strip generally consists of five
main components, namely a sample pad, conjugate pad, nitro-
cellulose (NC) membrane, absorbent pad, and background
card. The NC membrane, pre-coated with test line (T-line)
and control line (C-line), serves as the reaction core and result
display area. From the perspective of recognition components,
LFAs can be categorised into lateral flow immunoassays, which
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are based on antigen–antibody specific binding, and nucleic
acid LFAs, which are based on Watson–Crick base pairing.7–11

Traditional LFAs typically use Au nanoparticles (NPs) as nano-
tags owing to their strong visible-range absorption, which
generates colour signals observable by the naked eye. However,
the human eye possesses a limited colour discrimination cap-
ability and heavily depends on subjective judgement. Conse-
quently, direct visual observation suffers from low sensitivity
and tends to provide false-negative results. This method is
commonly applied to qualitative and semi-quantitative

detection but proves inadequate for precise quantification,
particularly at very low target concentrations.12,13

To fully realise the potential of POCT, LFA platforms must
strictly meet three central criteria: speed (rapid turnaround
time), reliability (consistent performance and minimal false
results), and accuracy (high sensitivity and specificity). Thus,
the LFA field is transitioning towards intelligent multi-mode
detection systems. This advancement is driven by synergistic
progress in two key technological domains, namely the rational
design and controlled synthesis of novel multi-functional
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multi-component NPs, and the integration of artificial intelli-
gence (AI)-driven intelligent analysis systems.14–18 Within the
realm of multi-component NPs, multi-metallic NPs (MMNPs)
represent a potent class of multi-functional materials integrat-
ing the properties of different metals while harnessing inter-
metallic synergies. These features enable MMNPs to
outperform conventional single-metal nanoparticles in terms
of optical characteristics, catalytic activity, and structural sta-
bility. The precise structural control achievable in MMNPs
induces pronounced synergistic effects that give rise to distinc-
tively superior performance. Specifically, these advantages are
manifested in enhanced localized surface plasmon resonance
(LSPR) for stronger optical signals,19 excellent catalytic ampli-
fication (e.g., enhanced nanozyme-like activity),20 improved
energy conversion and electron transfer efficiency,21,22 unique
magnetic responsiveness,23 and remarkably enhanced
chemical stability.24 When used as probe materials in LFAs,
MMNPs not only improve intrinsic colourimetric detection
capabilities but also enable the generation of secondary, ter-
tiary, or even multiple readout signals within a single test strip.
This multi-mode integration broadens the detection range and
facilitates complementary cross-verification between different
modes, markedly boosting the sensitivity, accuracy, and relia-
bility of LFAs to accommodate diverse application scenarios.

AI has experienced rapid progress, finding widespread daily-
life application. The integration of LFAs with digital technology
paves the way for truly intelligent POCT systems. The incor-
poration of portable readers, smartphones, and other con-
nected devices renders test results more objective and
quantitatively precise. The introduction of AI and machine
learning (ML) algorithms enhances the analytical capabilities
for processing high-dimensional and non-linear data. Intelli-
gent algorithms can perform accurate quantitative analysis by
identifying test strip characteristics, minimising human mis-
interpretation and adapting to environmental variations
through real-time result calibration. These algorithms also

enable the integrated analysis of multimodal signals, facilitate
the batch processing of multi-dimensional data, and notably
improve result handling efficiency. Furthermore, when com-
bined with the Internet of Things (IoT) technology to upload
test results to the cloud, LFAs can support remote medical
guidance and epidemiological monitoring systems, propelling
the field towards precision, automation, and full digital
intelligence.

This review focuses on recent advances in intelligent multi-
modal LFAs for precise diagnostics, as illustrated in Fig. 1.
Beginning with the structure and properties of MMNPs, we
explore how their structural synergies can be harnessed to
enhance LFA sensitivity and multi-modal analytical perfor-
mance, and we discuss how MMNPs enable the integration of
multiple readout signals within a single LFA platform. This
strategy facilitates the construction of robust multi-mode and
multi-channel LFA systems, addressing the limitations of con-
ventional single-mode LFAs to achieve greater accuracy and
broader applicability (Section 2). We then examine the integra-
tion of intelligent analytics with LFAs, highlighting the
role of AI-driven data processing, smartphone-based readers,
and IoT-connected telemedicine technologies in enhancing
their analytical performance and application scope
(Section 3). Finally, we summarise the remaining challenges
and future directions, outlining the development of next-
generation intelligent multi-mode LFA diagnostic platforms
to meet the demanding requirements of POCT requirements
for ‘‘one test strip to address multiple scenarios and diverse
clinical needs.’’ Although prior reviews have addressed
nanomaterial-enhanced sensitivity and advances in LFA engi-
neering separately, no comprehensive analysis has systemati-
cally mapped the integrated workflow from MMNP design,
through multi-modal signal generation to AI-powered result
interpretation within LFA systems. This review analyses the
synergetic effects of material innovation, integrated multi-
signal platforms, and state-of-the-art intelligent data analytics

Fig. 1 Schematic diagram of a multi-mode/multi-channel intelligent lateral flow assay system driven by MMNPs.
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and smart devices, providing a currently lacking holistic
perspective.

2. MMNP-driven transition from
single- to multi-modal LFAs

LFAs represent the simple, rapid, low-cost and user-friendly
POCT method designed to achieve instantaneous readouts
upon sample application, and are now widely applied in clinical
diagnostics, food safety, environmental monitoring, and
national security.25,26 Conventional LFAs typically use mono-
disperse AuNPs as nanoprobes for colourimetric detection.
However, their intrinsic limitations in sensitivity, quantitative
accuracy, and resistance to interference constrain their applica-
tion in high-precision assays demanding high analytical per-
formance, such as early disease screening or multiplex
biomarker analysis.27 LFAs have experienced a continuous
increase in accuracy, sensitivity, and information density,28,29

and the introduction of MMNPs has revolutionised them from
simple qualitative tools into powerful quantitative analytical
platforms.30 MMNPs rationally integrate two or more metallic
elements within a single NP, not only effectively combining the
properties of each component but also generating performance
enhancements through structural synergies and even yielding
in new functions. This structural synergy-driven enhancement
has profoundly transformed the fundamental detection
modes of LFAs, fostering their evolution from simplicity to
sophistication and from single-signal detection to multi-signal
integration.

In this section, we systematically trace the evolution of
MMNP-based LFA detection modes, focusing on how the struc-
tural and synergistic enhancement effects of MMNPs boost
detection performance and broaden application scopes. Initi-
ally, we introduce the structural design and functional proper-
ties of key MMNPs. Subsequently, discussing how these multi-
component nanostructures synergistically enhance the perfor-
mance of various detection modes and enable new modalities
that are otherwise unattainable or underutilised in conven-
tional LFAs. Each detection mode offers advantages in sensi-
tivity, specificity, and detection speed. However, reliance on a
single mode yields one-dimensional signal output and
increases susceptibility to environmental interference, thereby
compromising overall accuracy and reliability. To achieve
higher sensitivity, improved accuracy, and broader applicability
while maximising the multi-functional integration capabilities
of MMNPs, multi-mode LFAs integrating multiple detection
modes have been developed. These systems enable multiple
signal verifications for the same target or coverage of different
sensitivity ranges within a single test. The exploitation of
synergistic strengths across modes substantially enhances
result reliability and detection scope. Building upon this foun-
dation, multi-channel detection strategies that leverage the
multi-functional properties of MMNPs further increase LFA
throughput, allowing the parallel arrangement of multiple
detection lines or reaction zones on a single test strip and

enabling the simultaneous detection of different targets using
minimal sample volumes. This presents innovative strategies
for comprehensive pathogen profiling, infection source
identification, and multiplex biomarker screening. Further-
more, aiming to bridge the gap between idealised laboratory
designs and real-world POCT, we investigated how unique
MMNPs and multi-mode LFAs successfully overcame severe
matrix effects in complex samples, thereby validating their
translational potential. Progressing from single-point detection
to multi-dimensional sensing, parallel arrays, and ultimate
clinical validation, the LFA technology is continuously advan-
cing toward a more reliable, sensitive, and versatile diagnostic
platform for integrated multiplex analyses.

2.1. Structurally engineered MMNPs for advanced LFA signal
readout

The evolution of LFA readout from single-metal nanoparticles
to structurally complex multi-metallic nanomaterials has
shifted the paradigm from simple signal visualisation to
mechanism-driven signal amplification. MMNPs represent a
class of multi-component nanostructures formed by the inte-
gration of two or more metallic elements at the nanoscale
through specific spatial arrangements. Unlike single-metal
nanoparticles, MMNPs are not simple physical mixtures of
different metals, but rather rationally engineered systems con-
structed through ordered design. This sophisticated integration
not only combines the inherent properties of each component
but also generates synergistic effects, endowing the NPs with
superior and novel physicochemical characteristics unattain-
able by any single component alone.31 However, this approach
also faces challenges, including the compatibility of different
metallic components, uniformity of atomic distribution,
stability of particle dispersion, and efficiency of molecular
coupling.32,33 Moreover, the enhanced properties of MMNPs
are intrinsically linked to their finely modulated structures.
Structural parameters—such as diverse metallic composition,
morphology, and size—determine a material’s capacity to
manipulate light, energy, and charge at the nanoscale, thus
generating distinct enhancement effects. Consequently, strate-
gically engineered MMNP structures utilise multiple synergistic
mechanisms to effectively amplify signal intensity, lower detec-
tion limits, improve quantitative accuracy, and enhance detec-
tion stability, thereby meeting diverse environmental detection
requirements. These advances address the limitations of con-
ventional single-metal nanoprobes, such as challenges difficul-
ties in precise quantification and low result reproducibility.
Thus, a thorough understanding of the structure–property
relationship of MMNPs is a fundamental prerequisite for the
rationally design and construction of next-generation LFAs.

This section first addresses the structural engineering of
MMNPs, exploring the distinct advantages of different struc-
tural configurations for enhancing nanomaterial properties
(Section 2.1.1). We then discuss rational surface modification
strategies that confer biomolecular recognition capabilities,
maintain colloidal stability, and minimise non-specific binding
potential (Section 2.1.2), thereby enabling highly sensitive
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detection in complex matrices. Finally, we focus on the syner-
gistic signal amplification mechanisms derived from the
unique structure–function relationships of MMNPs (Section
2.1.3), providing a comprehensive understanding of the intri-
cate interplay between nanostructures, enhanced properties,
and signal generation/amplification. These insights offer valu-
able theoretical guidance for the design of multi-mode and
multi-channel LFAs.

2.1.1. Performance enhancement of MMNPs. MMNPs can
be classified into four representative structural types: (1) alloys,
wherein different atoms are randomly distributed or arranged
in an ordered pattern within a single lattice; (2) core–shell
structures, comprising concentric layers of different metals; (3)
heterostructures, including Janus, dumbbell, or sphere-on-
island configurations characterized by segregated domains;
and (4) hollow or porous structures containing cavities such
as nanocages or frameworks. The precise control over these
nanostructures dictates the characteristics of electronic, opti-
cal, and catalytic interactions among the constituent metals,
leading to a wealth of enhanced properties.

Alloy NPs. Alloy NPs are one of the most prevalent types of
multi-metallic nanostructures in which two or more metallic
elements are uniformly distributed at the atomic level within a
single NP. This results in a uniquely tuneable electronic struc-
ture, and physicochemical properties intermediate between
those of the constituent metals. This atomic level homogeneity
gives rise to a LSPR peak that can be continuously and precisely
tuned across a wide spectral range by adjusting the composi-
tional ratio. For example, Au–Ag alloys bridge the LSPR peaks of
Au (520 nm) and Ag (400 nm), thereby optimising absorption
and scattering properties for specific light sources and produ-
cing distinct colouration.34,35 During the multi-metallic alloy-
ing process, lattice strain and ligand effects synergistically
modulate the d-band centres and optimise the electronic
structure of catalytic active sites, while optimising the adsorp-
tion energy of intermediates. This leads to significantly
increased catalytic efficiency and conversion rates.36–38 The
synergistic effects of multi-metallic alloying also reduce
the electron transfer barrier, fine-tune the band structure and
conductivity, and improve electrocatalytic activity and
stability.39,40

Core–shell NPs. Core–shell nanostructures generate intense
plasmonic coupling effects at their interfaces, exhibiting strong
electromagnetic field enhancement that induces significant
scattering and absorption.41,42 The LSPR peaks can be precisely
tuned by manipulating the shell thickness and core–shell ratio.
This not only results in vivid colour variations but also allows
for the fine-tuning of the absorption profile and improving
photostability to optimise the photothermal conversion
performance of nanomaterials and generate stronger thermal
signals.43–46 The deposition of a catalytically active shell layer
onto a plasmonic core exploits both plasmon-enhanced
catalysis and lattice strain effects to refine surface reactivity,
thereby maximising catalytic utilisation.47–49 Additionally,

core–shell MMNPs can also serve as efficient electron conduc-
tors and electrocatalysts, establishing gradient electron
transport pathways that promote surface reactions at the
electrode.50,51 Depositing metallic materials onto the surface
of magnetic materials (such as Fe3O4) constructs a magnetic
core–metal shell nanostructure, effectively preventing oxidation
and corrosion of the magnetic core while simultaneously
preventing self-aggregation to maintain stable magnetic
properties.52,53

Heterostructures. Heterostructures such as Janus and
dumbbell-like nanostructures create localised electromagnetic
‘hotspots’ at the junctions or interfaces between different
metals. Within these regions, electromagnetic fields undergo
exponential amplification, enabling the achievement of single-
molecule detection sensitivity.54–56 Furthermore, heteroge-
neous MMNPs exhibit enhanced photothermal properties. They
can generate coupling or superposition effects, broadening the
absorption spectrum (from ultraviolet to near-infrared) to
achieve a wider band of light capture.57–59 Constructing hetero-
structures promotes charge redistribution at interfaces, facil-
itates charge carrier separation, and allows the in situ
integration of multi-step reactions to shorten diffusion
pathways.60–63 Concurrently, the interconnection of metallic
materials with distinct functionalities generates Schottky junc-
tions or heterojunctions, driving directed electron flow and
thus enhancing the electrochemical current response.64,65

Additionally, when a portion of the heterostructure comprises
magnetic nanomaterials, this facilitates the spatial separation
of the magnetic and plasmonic domains, thereby preventing
the magnetic core from quenching optical properties, while
delivering a dual-functional surface to accommodate diverse
modification requirements.66–69

Hollow nanostructures. Hollow MMNPs exhibit significant
red shifts and increased scattering cross-sections due to plas-
monic hybridisation between the cavity’s inner and outer
surfaces. By adjusting shell thickness and cavity dimensions,
they can provide highly tuneable plasmonic bands in the near-
infrared region, yielding superior optical contrast compared to
solid spheres.70,71 When hollow MMNPs absorb light energy,
the heat generated by the photothermal effect is confined
within the cavity and its surrounding micro-spaces through
multiple internal reflections within light traps and a high
surface-to-volume ratio. This enables localised micro-regions
to achieve extremely high temperatures within a very short
time, significantly amplifying the photothermal signal
intensity.72–74 Moreover, hollow nanostructures possess ultra-
high specific surface areas and internal cavities, providing
abundant active sites both internally and externally for catalytic
reactions. They can also confine substrates, increasing local
concentrations and reaction probabilities to accelerate reaction
kinetics via a caging effect.73,75,76 In addition, hollow and
porous structures provide high electroactive surface areas,
facilitating electrolyte permeation and charge transport, which
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improves the response speed and signal intensity of electro-
chemical detection.77,78

2.1.2. Surface engineering of MMNPs. Surface functionali-
zation constitutes the critical interface that transforms inert,
inorganic MMNPs into sophisticated, biologically active probes
capable of accurate molecular recognition. Given that NPs
inherently lack the selectivity required to distinguish specific
biological analytes within complex matrices, engineering a
sophisticated nano-bio interface is essential to translate their
intrinsic optical advantages such as LSPR and surface-
enhanced Raman scattering (SERS) into superior clinical diag-
nostic performance. This surface modification serves as a
pivotal process that extends far beyond mere analyte capture;
it governs colloidal stability, dispersion behaviour, and target-
binding efficiency within the complex hydrodynamic environ-
ment of porous NC membranes. Consequently, this section
explores key core surface engineering strategies ranging from
thiol chemistry and controlled antibody orientation to the
optimisation of charge and polarity, and the incorporation of
functional nucleic acid-based diagnostics, all of which define
the performance limits and clinical reliability of MMNP-based
sensors (Fig. 2).

Thiol chemistry. The functionalisation of MMNPs is
grounded in thiol chemistry, which leverages the high affinity
between sulfur (S) atoms and noble metal surfaces. The bond
energy of Au–S or Ag–S (approximately 40–50 kcal mol�1)
approximates that of covalent bonds, allowing thiol-
terminated ligands to effectively displace weakly adsorbed
species like citrates and form robust self-assembled mono-
layers (SAM).79–81 A distinguished feature of this process is
the precise control it affords ligand density and molecular
orientation. Bifunctional linkers, such as SH–PEG–COOH, act
as protective barriers against oxidation while the polyethylene
glycol (PEG) chain length is tuned to optimize the distance
between the metal surface’s plasmonic field and external

analytes.82 This optimization is critical for maximizing electro-
magnetic SERS enhancement while providing terminal carboxyl
groups as chemically active sites for subsequent bioconjuga-
tion. Current strategies employ mixed SAMs composed of
hydroxyl (–OH) and carboxyl (–COOH) terminated thiols to
fine-tune the surface landscape, minimising non-specific
adsorption while maximising target capture efficiency.83

Antibody immobilisation. The interface between MMNPs and
antibodies is the primary determinant of analytical sensitivity
and specificity. Passive physical adsorption often leads to
protein denaturation or random orientation in which the
antigen-binding sites face the particle surface, potentially
resulting in the loss of 70% of the effective binding
capacity.84 Furthermore, a critical spatial trade-off arises from
the intrinsic dimensions of whole antibodies (approximately
10–15 nm), which often position the captured analyte beyond
the effective electromagnetic near-field decay length (o10 nm)
of plasmonic MMNPs.85 This distance-dependent attenuation
represents a significant challenge for SERS-based detection, as
it limits the achievable enhancement despite high-affinity
biorecognition. Consequently, engineering the bio-interface
to bridge this nanometre-scale gap has emerged as a key
frontier for maximizing the sensitivity of MMNP-based optical
sensors.86

To overcome these limitations, EDC/NHS carbodiimide cou-
pling is employed to establish stable amide bonds between the
primary amines (–NH2) of the antibody and the carboxyl groups
on the MMNP surface. By meticulously adjusting the pH
and ionic strength of the buffer, researchers can leverage the
antibody’s isoelectric point to induce electrostatic pre-
concentration, significantly enhancing coupling efficiency.
Such precision engineering is essential for the reproducible
detection of ultra-low abundance biomarkers such as cardiac
troponin I. Recent advancements have introduced site-specific
immobilization using Protein A/G or carbohydrate moiety

Fig. 2 Overview of surface engineering strategies for optimised MMNP-based biosensing.
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modification on the Fc region, ensuring that antibodies remain
in a ‘‘vertical’’ orientation to maximize capture potential.87

Surface charge and polarity. Within the tortuous pore net-
work of NC membranes, the transport and capture efficiency of
MMNPs are fundamentally governed by the chemical identity
and ionisation state of their surface ligands. Beyond a first-
order DLVO description, the surface charge arises from the
deprotonation of ionisable functional groups, such as carbox-
ylates (–COO�) or sulfonates (–SO3

�). For instance, the use of
11-mercaptoundecanoic acid or citrate capping agents ensures
a high density of negative charges at physiological pH
(pH 4 pKa).88 While traditional passive incubation is often
used, potential-assisted deposition has emerged as a more
rapid (within minutes) and more controlled method to achieve
specific surface compositions of carboxylated thiols, which are
otherwise difficult to incorporate into stable monolayers.89 This
robust chemical stabilisation maintains a zeta potential typi-
cally below �30 mV, providing the necessary electrostatic
repulsion to prevent van der Waals-mediated aggregation even
in high-ionic-strength biological fluids like human serum.90

While charge ensures long-range stability, the surface polar-
ity of MMNPs dictates their short-range interactions with the
membrane and biological proteins. Non-DLVO forces, such as
hydration repulsion, are modulated by the hydrophilicity of the
interfacial layer. The introduction of PEGylation (via SH–PEG–
COOH) or zwitterionic ligands (e.g., sulfobetaine thiols or
L-cysteine) transforms the MMNP surface into a highly polar
interface. Sum frequency generation vibrational spectroscopy
reveals that these surfaces facilitate extensive hydrogen bond-
ing with water molecules, forming a dense hydration shell
characterized by a strong water signal at approximately 3200
cm�1.91,92 Unlike PEG, which often yields a more three-
dimensional brush-like coating, zwitterionic ligands produce
a thinner, monolayer-type ‘‘stealth’’ layer. Resistance to non-
specific protein adsorption (the ‘‘protein corona’’) is driven by
the prevention of ion pairing between the protein and surface
charges, which would otherwise release counterions and water
molecules—a process that is entropically favourable for
fouling.93 These polar barriers are essential for reducing back-
ground noise in SERS-based LFAs.94

However, in MMNP systems, surface charge and polarity are
not uniformly distributed but are influenced by the atomic
arrangement of the multi-metal surface. Unlike monometallic
particles, MMNPs exhibit facet-specific chemical affinities; for
example, thiol-terminated ligands bind more preferentially to
gold-rich facets than to silver or platinum domains. Moreover,
if mixed ligands exhibit a chain length difference of more than
four carbon atoms, phase segregation can occur on the
surface.95 On non-spherical morphologies such as nanorods,
thermodynamically incompatible surfactants can self-organize
into alternating striped patterns perpendicular to the rod
axis.96 This ‘‘chemical anisotropy’’ leads to localized variations
in surface polarity and charge density, which significantly
influences hydrodynamic drag and how the particles interact
with the dipolar sites of NC fibres. Consequently, achieving

consistent assay reproducibility requires a strategic selection of
mixed SAMs to homogenize the chemical landscape and opti-
mise the density of bioreceptor molecules for specific capture at
the test line.97

DNA/RNA immobilisation. The emerging frontier in MMNP
surface engineering transcends traditional gene detection, evol-
ving into a multifaceted functional nucleic acid (FNA) interfa-
cing strategy. By grafting thiolated DNA or RNA probes at high
densities, MMNPs are transformed into spherical nucleic acids
that possess physicochemical properties far superior to their
linear counterparts.98 A key advantage of this approach is the
integration of aptamers—single-stranded oligonucleotides that
function as ‘‘chemical antibodies’’.99 Aptamers provide high-
affinity, high-stability target capture for a wide range of ana-
lytes, including proteins and small molecules, while exhibiting
greater resistance to thermal and chemical denaturation com-
pared to protein-based antibodies. This ensures the structural
integrity and long-term reliability of the LFA sensor in diverse
environmental conditions.100 Furthermore, this strategy
enables DNA-directed assembly, in which the programmable
nature of DNA hybridisation is used as a molecular adhesive to
create precision nano-arrays.101 By meticulously controlling
inter-particle distances at the nanometre scale—often through
the use of poly-A spacers—researchers can optimize the density
of SERS ‘‘hotspots’’ and improve the overall sensitivity of the
platform.102

2.1.3. Synergistic signal amplification by MMNPs in LFAs.
Unlike single-metal systems, the structural synergistic effects
generated through precise structural regulation in MMNPs give
rise to novel material properties. These can precisely activate
and amplify signals, enhance stability, increase tunability, and
expand functionality. According to the diverse characteristics of
the above nanostructures, this section categorises the
enhanced detection modes of MMNPs into five core signal
amplification mechanisms: (1) plasmonic enhancement, (2)
catalytic amplification, (3) energy conversion, (4) electron trans-
fer enhancement, and (5) magnetic response enhancement. By
elucidating the intrinsic relationship between enhancement
properties and signal generation/amplification, this provides
rational theoretical guidance for selecting detection modes and
designing nanoprobe structures in LFAs.

Plasmonic enhancement. The compositional richness and
morphological diversity of MMNPs confer a uniquely tuneable
LSPR effect, enabling precise regulation of LSPR peaks across a
broad spectral range from visible to near-infrared light. This
capability is difficult to achieve with single-metal materials.
Therefore, MMNPs facilitate precise LSPR tuning and maximise
localised electromagnetic field intensity. This firstly yields
richer, more vivid colour shifts in LFA colourimetric modes
for enhanced sensitivity towards low-abundance targets.103–105

It is worth noting that Lee et al.106 recently pioneered a novel,
highly sensitive and naked-eye LFA via plasmonic scattering.
The excellent scattering properties of MMNPs also present
significant application potential in this plasmonic light
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scattering mode of LFAs. Secondly, the strong localised electro-
magnetic fields generated by MMNPs also significantly
enhance the excitation efficiency and radiative rate of nearby
fluorophores, greatly improving fluorescence intensity and
photostability. This phenomenon is known as metal-
enhanced fluorescence (MEF).107–110 Spectral overlap and dis-
tance between the fluorophore and metal are considered key
factors in the MEF effect. By modulating the SPR peaks of
MMNPs through alterations in their size, shape, and composi-
tion to match the excitation/emission spectra of different
fluorophores, and by precisely controlling the distance between
the metallic core and the fluorophore, optimal enhancement
effects can be achieved. Moreover, the plasmonic enhancement
mechanism also serves as the foundation for SERS-based LFAs.
This enhancement relies critically on nanoscale structures,
which determine the intensity and distribution of the electro-
magnetic field. Specifically, features such as nanogaps, sharp
tips, and structures with minimal curvature radii are pivotal for
generating strong hotspots. Ordered periodic assembly of
nanoparticles into two- or three-dimensional superlattices
enables precise engineering of plasmonic hotspots, yielding
enhanced intensity and superior spatial uniformity. MMNPs
offer greater design flexibility for SERS substrates and can
generate stronger, more stable enhancement effects, leading
to more sensitive and reliable SERS signal readouts.111–116

Catalytic amplification. MMNPs with superior catalytic activ-
ity can serve as highly efficient nanozymes, replacing natural
enzymes to catalyse reactions and achieve secondary signal
amplification. First, MMNPs can be used for catalytically
enhanced colourimetric mode. Upon the capture of the
target by MMNPs and its immobilisation on the T-lines, addi-
tional chromogenic substrates are added to trigger
highly efficient catalytic reactions, generating abundant
chromogenic products. This effectively amplifies the initial
colourimetric signal. The common chromogenic substrates
include 3,30,5,5 0-tetramethylbenzidine,36,60,117,118 3-amino-9-
ethylcarbazole,38,119–121 3,30-diaminobenzidine,122–124 and 4-
chloro-1-naphthol/3,3 0-diaminobenzidine.125 Different amplifi-
cation systems can be selected depending on the colourimetric
response of the substrate and the specific properties of the
nanoprobes used. Concurrently, it may be applied in chemilu-
minescent mode as a substitute for horseradish peroxidase,
catalysing the oxidation of luminol by hydrogen peroxide to
generate light radiation.126,127 This effectively overcomes the
inherent susceptibility of natural enzymes to environmental
factors such as pH and temperature, improving storage stability
and batch-to-batch reproducibility.128,129

Energy conversion. The multi-component nature of MMNPs
facilitates energy conversion processes, allowing excitation
light energy to be transformed into detectable signals. Photo-
thermal conversion represents a significant branch of this field,
for which MMNPs exhibit strong absorption properties tune-
able to the near-infrared spectrum. Harnessing their excellent
photothermal effect, MMNPs can efficiently convert light

energy into thermal energy. These thermal changes can be
measured by high-precision temperature sensors (such as
infrared thermal imagers), and quantitative detection is
achieved by monitoring the relationship between local tem-
perature changes and analyte concentration.74,130,131 Mean-
while, the heating of target metallic nanoparticles by an
external laser also induces rapid thermal expansion and con-
traction in the surrounding medium, thereby generating
acoustic signals. These sonic vibration responses can be mea-
sured by acoustic sensors, enabling quantitative detection of
targets.132,133 Photothermal and photoacoustic detection
modes can circumvent inherent spectroscopic interference
from complex biological matrices, offering high signal-to-
noise ratios and superior sensitivity. Apart from quantitative
signals, the high temperature generated by the photothermal
effect can also inactivate bioactive substances such as nucleic
acids and proteins in bacterial cells and biofilms, and distort or
even rupture bacterial cells, thereby killing bacteria and effec-
tively preventing bacterial contamination.44,73,134 In addition,
when an excited-state energy donor (such as dye molecules or
quantum dots) approaches the surface of MMNPs, the donor’s
energy undergoes non-radiative transfer to the nanoparticles,
quenching its own fluorescence. This nanometal surface energy
transfer process can be controlled by adjusting the distance
and dielectric environment to achieve sensitive detection.135

When an excited donor fluorophore is in extremely close
proximity to an acceptor nanoparticle (typically o10 nm),
sufficient overlap between the donor’s emission spectrum and
the acceptor’s absorption spectrum allows energy to transfer via
non-radiative dipole–dipole coupling from the donor to the
acceptor, resulting in diminished donor fluorescence. This
FRET effect is also frequently used to design LFAs.136–138

Electron transfer enhancement. Another significant advantage
of MMNPs involves enhanced electron transfer. By reducing
energy barriers, enhancing electron mobility, or leveraging
synergistic redox activity, these MMNPs promote efficient
charge transfer at the nanoparticle–electrode interface, thereby
yielding a significantly enhanced electrical signal output. Incor-
porating electrodes into LFAs generates measurable electrical
signals (current, potential), thereby enabling electrochemical
detection.139 One strategy for generating electrical signal
changes in test strips involves acid dissolution releasing metal
ions to the electrode for redox reactions, followed by electro-
chemical detection.140–142 However, the addition of strong acid
solution may damage the NC membranes and immune-sensing
layers on the sensor surface, and direct electron transfer of
electroactive species is only effective within a 1–2 nm range of
the electrode. To avoid the need for manually adding toxic
chemicals to dissolve metal nanoprobes, milder reagents, such
as iodides, can be used to dissolve the corresponding metals.143

Another solution is to use metal nanoparticles to catalyse
electroactive species, enabling redox reactions on the electrode
surface to generate current, voltage, and other electrical
changes.144–146 Consequently, the synergistic electronic effects
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of MMNPs lower the detection limit, facilitating precise
quantification.

Magnetic response enhancement. The incorporation of mag-
netic metals (such as Fe, Co, Ni) into MMNPs confers a novel
property upon the material—magnetism. This magnetic prop-
erty enables manipulation and separation of the nanomaterial
via external magnetic fields. It controls the flow velocity and
direction of the nanoprobes, prolonging the interaction
time between targets and capture probes.147–149 This
facilitates efficient enrichment and purification of targets
within complex samples, streamlines sample preparation,
reduces matrix effects, and enhances signal-to-noise
ratios.118,150–152 Simultaneously, it introduces novel magnetic
response detection signals. As most biological samples exhibit
magnetic transparency, the magnetic signal can generate
background-free outputs, thereby circumventing optical back-
ground interference and enabling highly sensitive detection.
Magnetic readout methods mainly include giant
magnetoresistance,153,154 tunnelling magnetoresistance155 and
anisotropic magnetoresistance156 methods based on magne-
toresistance;157 magnetic particle quantification methods
based on frequency mixing technology;158–161 magnetic assay
reader methods based on magnetic flux;149,162,163 magnetic
resonance coil magnetometer methods based on magnetic
permeability;164 and atomic magnetometer methods based on
the quantum optical effect.165 This dual capability makes
MMNPs not only highly efficient nanoprobes but also essential
tools for sample-to-result integrated detection, proving crucial
for detecting trace analytes in complex environments.

To summarise, MMNPs leverage structural features such as
alloying, core–shell encapsulation, hetero-coupling, and cavity
formation between different metallic components. Through
synergistic enhancement mechanisms including plasmonic

enhancement, catalytic amplification, energy conversion, elec-
tron transfer, and magnetic response, they exhibit significantly
enhanced optical, catalytic, electrical, and magnetic properties
that far exceed the simple sum of their component parts. These
upgraded properties precisely activate and amplify distinct
readout signals, enabling a series of enhanced detection mod-
alities: colourimetric, fluorescent, chemiluminescent, SERS,
plasmonic light scattering, photothermal, photoacoustic, elec-
trochemical, and magnetic response (advantages and disadvan-
tages of each detection mode are shown in Table 1). With the in-
depth development and optimisation of each mode, they collec-
tively form a robust ‘toolkit’ for LFA technology. We investigated
the compatibility between different detection derived from var-
ious signal amplification mechanisms and various MMNP nano-
structures and graded them accordingly. The results are sum-
marised in Fig. 3, which employs a star rating system to identify
the degree of compatibility (% = acceptable, %% = good,
%%% = most suitable). Appropriate detection modes or multi-
ple combinations can be selected as required, laying a solid
methodological and theoretical foundation for subsequent inno-
vations in multi-mode/multi-channel detection. Nevertheless, it is
important to recognise that the sophisticated structural engineer-
ing required to achieve these advanced functionalities inherently
involves laborious, multi-step and technically demanding syn-
thetic procedures.166–168 Achieving precise structural control at a
commercial scale while ensuring reproducibility, minimizing
batch-to-batch variability, maintaining long-term stability, and
controlling production costs remains a significant challenge,
which will be further discussed in detail in Section 4.

2.2. Multi-functional platform for integrated multi-modal
detection

Although single-mode detection methods each possess unique
advantages, no single detection technique can achieve optimal

Table 1 Advantages and limitations of different detection modes of LFAs based on MMNPs

Detection modes Advantages Limitations

Colourimetric Simple operation, intuitive readout, and low cost. Low sensitivity, poor quantitative accuracy, and difficulty
in detecting coloured samples.

Catalytically
enhanced
colourimetric

Tuneable signal intensity and sensitivity exceeding that of direct
colourimetry.

Complex operating procedures, unstable chromogenic
substrates, and stringent reaction conditions.

Fluorescent Accurate and highly sensitive quantitative detection. Fluorescence reader and careful fluorescence design are
required. Results can be affected by sample
autofluorescence.

Chemiluminescent No need for excitation light sources, reduced optical background
noise, and high signal-to-noise ratios.

Cumbersome operation, short signal duration requiring
timely, and limited stability.

SERS High spectral resolution, sensitivity, and interference resistance. Professional Raman spectrometer is required. Signal
intensity depends on the reproducibility of nanotag
preparation.

Plasmonic light
scattering

Stable non-quenchable signals with no need for additional mole-
cular modification steps.

New approach that requires optimisation for practical
implementation.

Photothermal Unaffected by matrix colour or turbidity and suitable for complex
biological samples.

Laser light source and thermal signal detection equip-
ment are required.

Photoacoustic Extension of photothermal mode with high penetration depths and
a signal-to-noise ratios.

Expensive and technically complex detection instru-
mentation is required.

Electrochemical Rapid analysis, high sensitivity, and easy integration into minia-
turised and automated systems.

Often shows limited reproducibility and stability, and
electrode integration on strips can be complicated.

Magnetic High signal-to-noise ratios, negligible magnetic background from
biological samples, and magnetic enrichment for enhanced
sensitivity.

Specialised magnetic sensors and trained personnel are
required for operation and data analysis.
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performance across all parameters (e.g., sensitivity, specificity,
interference resistance, and portability) (Table 1). To overcome
the inherent limitations of a single-mode detection, two or
more independent signal amplification strategies are increas-
ingly integrated onto a single detection platform. Through
synergistic and complementary interactions between detection
modes, highly efficient multi-mode LFAs are established. This
multi-mode integration approach represents the evolution of
LFA technology towards better reliability, richer information
dimensions, and stronger environmental adaptability, achiev-
ing cross-validation of detection results and more comprehen-
sive analytical insights. MMNPs integrate diverse material
properties within a single particle through rational structural
design and can even generate novel functionalities owing to
synergistic effects among their components. This provides a key
driving force for the development of multi-mode LFAs, enabling
different detection modes to be efficiently connected on a
single strip.169–172 The selection of MMNPs also directly deter-
mines the available detection modes for LFAs, enabling the
customisation of nanoprobes according to the characteristics of
the analyte and the application scenario. Thus, this section will
sequentially explore the design strategies, synergistic mechan-
isms, and application examples of dual-, tri- and quad-mode
LFAs. It will elucidate how MMNPs can be multi-functionally
combined to facilitate multi-mode integrated detection, offer-
ing powerful avenues for enhancing the accuracy, reliability,
and quantitative capabilities of LFAs.

2.2.1. Dual-mode detection. Dual-mode detection, the
most prevalent form of multi-mode LFAs, combines a mode

suitable for rapid on-site interpretation with another optimised
for precise quantification. Leveraging multi-functional
MMNPs, these platforms generate two independent signals in
a single assay to couple intuitive screening with robust quanti-
tative analysis of the same target. This design is not merely a
simple functional superposition but aims to overcome the
inherent limitations of single-mode approaches through
complementary interactions and cross-validation between
two modes. This enhances the reliability, sensitivity, interfer-
ence resistance, and linear range of LFAs for a broader
application scope.

To begin with, in order to attain superior naked-eye detec-
tion performance, we can build upon the traditional colouri-
metric mode by supplementing the nanoprobes with nanozyme
components to endow LFAs with a second signal—a
catalytically-enhanced colourimetric mode. The primary col-
ourimetric signal is for direct qualitative or semi-quantitative
analysis, while the secondary catalytically enhanced signal gives
high-sensitivity quantitative readouts. For example, Shu and
colleagues36 demonstrated a label-free dual-mode LFA for
Salmonella typhimurium detection, through the strategic use
of trimetallic PtMnIr nanozymes for their dual catalytic and
adhesive functions. This assay demonstrated excellent analyti-
cal reliability, as evidenced by its high specificity, accurate
performance in spiked sample analyses, and satisfactory recov-
ery rates. Bai et al.47 prepared Au@Ag-Pt NPs with a rattle-like
structure that possessed peroxidase-like activity while retaining
plasmonic properties and intense colours within the visible
spectrum, thereby constructing a dual-mode LFA (Fig. 4A). This

Fig. 3 Schematic illustration showing the relationship among MMNP nanostructures, property-enhancement mechanisms, and detection modes of
LFAs. The star rating system denotes the compatibility level between detection modes and nanostructures: % = acceptable, %% = good, %%% =
most suitable.
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approach delivers more sensitive and accurate colourimetric
signals. However, it requires the secondary addition of reagents
such as chromogenic substrates, which increases operational
complexity and poses challenges for practical application. The
most valuable aspect lies in augmenting the fundamental
colourimetric mode with a precise quantitative method—a
combination termed ‘Colourimetric Plus’. This fusion signifi-
cantly enhances the sensitivity and accuracy of LFA without
compromising testing convenience.

First, nanomaterials that possess both intrinsic colour and
fluorescence, such as noble metal core–shell nanostructures
can be employed.108,173 The colourimetric–fluorescent dual-
mode LFA system delivers instant qualitative colourimetric
results without any equipment, as well as highly sensitive,
low-background quantitative fluorescent signals to meet
diverse application situations. Meanwhile, the inherent ‘signal
on/off’ verification considerably reduces the probability of false
positives and false negatives.174 Shu et al.173 employed novel
litchi-like Au–Ag bimetallic nanospheres (LPNPs) as fluores-
cence quenchers (Fig. 4B). These LPNPs possessed broadband
absorption with peaks that highly overlapped the excitation and
emission peaks of quantum dots. This property enabled the
establishment of an LFA platform with dual readouts (colouri-
metric and fluorescence quenching) operating in dual modes
(off and on). Fluorescent detection is a mature and widely
available POCT method, making colourimetric–fluorescent
dual-mode LFAs well-suited for low-concentration pathogen
detection.107 However, their application in complex matrices
is limited by fluorescent signal instability (e.g., photobleaching
and flickering) and background autofluorescence.

Chemiluminescence requires no external light source, exhi-
bits low background, and minimises nonspecific signals,
resulting in an exceptionally high signal-to-noise ratio and
sensitivity. These attributes make it an ideal partner for col-
ourimetric readouts, enabling dual-mode LFAs that provide
more accurate qualitative/quantitative detection across a
broader linear range. Roda et al.127 developed a dual optical/
chemiluminescent LFA immunosensor for detecting SARS-CoV-
2-specific immunoglobulin A in serum and saliva. They incor-
porated a transparent glass fibre pad pre-loaded with lyophi-
lized chemiluminescent substrates (sodium perborate,
luminol, and p-iodophenol) as described previously
(Fig. 4C).175 After routine visual analysis, the pad was placed
on the NC membrane and dissolved. Upon dissolution, the
released substrates subsequently reacted under HRP catalysis
to generate a chemiluminescent signal for quantification.
Therefore, colourimetric-chemiluminescent dual-mode LFAs
are well-suited for developing low-cost, integrated automated
devices owing to their high sensitivity, broad linear range, and
simple optics. However, the requisite additional reagent-
loading steps impede device miniaturisation, rendering them
less suitable for minimalist, portable POCT intended for
resource-limited settings.

If nanoprobes with high photothermal conversion efficiency
(e.g., nanorods or hollow nanostructures) are used, the T-line is
irradiated with a near-infrared laser following the initial col-
ourimetric readout. The nanoprobes convert the light energy
into thermal energy, causing a localised temperature increase.
This photothermal signal can be quantitatively measured by
infrared thermal imaging cameras or low-cost thermal sensors.

Fig. 4 (A) Schematic of Au@Ag-Pt NP-based LFA strips and operational procedure highlighting the colourimetric and nanozyme-assiated amplification.
Reprinted with permission from ref. 47. Copyright 2022, Elsevier. (B) Test principle and qualitative/quantitative readout of dual-mode LBNP-based LFA
strips. Reprinted with permission from ref. 173. Copyright 2024, Elsevier. (C) Schematic operation workflow of a self-contained chemiluminescent LFA
strips. Reprinted with permission from ref. 175. Copyright 2018, American Chemical Society. (D) Schematic detection principle of a colourimetric–
photothermal dual-mode LFA strip employing Ag@Au triangular nanoplates. Reprinted with permission from ref. 43. Copyright 2024, American Chemical
Society.
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In our group, we first developed Ag@Au triangular nanoplates
(Ag@Au TNPs), which exhibit tuneable plasmonic absorption
and a high photothermal conversion efficiency of 61.4%,
enabling dual-mode LFA detection of SARS-CoV-2 nucleocapsid
protein (Fig. 4D).43 To further amplify the signal, we subse-
quently engineered nanoprobes by densely loading Au nano-
shells onto Fe3O4 nanoparticles. This design enabled magnetic
enrichment and separation, thereby integrating target precon-
centration with enhanced photothermal/colourimetric detec-
tion in a single platform.53 Photothermal results remain
unaffected by sample colour or turbidity, and are highly resis-
tant to interference, making them suitable for complex matrix
samples. Moreover, photothermal signals can be measured by
portable infrared thermometers, enabling on-site quantitative
analysis.176,177 Nevertheless, they are susceptible to environ-
mental thermal noise (such as ambient temperature fluctua-
tions and air currents), along with the photothermal conversion
efficiency of the material and thermal diffusion effects, all of
which necessitate reference calibration.

MMNPs also exhibit powerful SERS effects, thereby signifi-
cantly enhancing the Raman signals of reporter molecules
adsorbed on their surfaces. For colourimetric–SERS dual-
mode LFAs, apart from their inherently strong colour signals,
they can provide near-background-free, highly specific

quantitative signals.116,178,179 A prime example of such engi-
neered MMNPs is the AgMBA@Au probe developed in our
group.112 We employed a ligand-assisted epitaxial growth strat-
egy, utilising sulfite coordination to lower the redox potential of
gold and prevent oxidative etching of the silver core. This
allowed for the precise construction of a core–shell nanostruc-
ture featuring a silver core, an ultrathin gold shell (B2 nm),
and the Raman reporter molecule (4-mercaptobenzoic acid)
embedded within the gap (Fig. 5A). This unique architecture
provides both intense electromagnetic enhancement and excel-
lent signal stability, making it an ideal SERS tag for quantitative
dual-mode biosensing. The coating of the Au shell not only
enhanced stability but also generated a strong electromagnetic
field enhancement at the gap, which effectively improved the
SERS properties of the nanoprobes. Furthermore, by loading
AgMBA@Au NPs onto Fe3O4, we further integrated magnetic
functionality into the platform.180 This not only amplified the
SERS signal through nanoparticle assembly but also enabled
efficient magnetic enrichment, which significantly reduced
matrix interference and allowed for highly specific and sensi-
tive differential diagnosis of multiple pathogens in complex
biological samples (e.g., whole blood). However, as SERS signals
critically depend on the homogeneity and aggregation state of
the nanostructure substrate, challenges arise in preparation

Fig. 5 (A) Schematic structure and detection principle of a colourimetric–SERS dual-mode LFA strip. Reprinted with permission from ref. 112. Copyright
2022, American Chemical Society. (B) Schematic illustration of colourimetric and electrochemical LFA strips for accurate quantification of Salmonella.
Reprinted with permission from ref. 144. Copyright 2025, Elsevier. (C) Schematic of the catalytic-magnetic dual-mode LFA strips for Salmonella
typhimurium detection. Reprinted with permission from ref. 149. Copyright, 2022 Elsevier. (D) Schematic of a chemiluminescent-photothermal dual-
mode LFA strip for gentamicin detection. Reprinted with permission from ref. 183. Copyright, 2024 Elsevier.
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and batch-to-batch control. Moreover, the requirement for
specialised optical systems and spectrometers makes the sys-
tem costly and operationally complex, currently limiting its
practical application in routine clinical or field settings.

In addition to the combination of dual optical modes,
electrochemical modes may also be incorporated into LFAs.
By integrating microelectrodes onto test strips, it enables the
simultaneous capture of naked-eye colour signals and the
measurement of electrical changes in current, potential, or
impedance generated by nanoprobes on T-lines via electroche-
mical sensors on the same platform. This allows for the
synchronous readout of highly sensitive quantitative signals.
Chen et al.144 developed a streamlined, integrated RPA-CRISPR/
Cas12a electrochemical LFA for the precise detection of Salmo-
nella (Fig. 5B). AuNPs functioned concurrently as colourimetric
signal sources and catalytic labels for in situ redox reactions.
The redox reaction involved the reduction of ferricyanide to
Fe2+ by ammonium borohydride in the presence of AuNPs,
thereby significantly increasing the current output. This inno-
vative approach facilitates the rapid, semi-quantitative and
quantitative detection of Salmonella in diverse application
scenarios. Electrochemical modes are highly sensitive and
selective, and the associated readout devices are readily minia-
turised and integrated, making them well suited to rapid
testing applications requiring high sensitivity.141,146,181 How-
ever, owing to the complexity of integrating electrodes onto test
strips, and the susceptability of electrodes to contamination
and passivation in complex matrices, their stability and repro-
ducibility remain suboptimal. Further optimisation is therefore
required before large-scale field applications can be realised.

Similarly, when magnetic MMNPs are employed as nano-
probes, alongside conventional colourimetric results, magnetic
signal outputs can be obtained via magnetic sensors. Simulta-
neously, an external magnetic field can enrich and purify
targets, reducing matrix interference and significantly improv-
ing signal-to-noise ratios. It can also control the chromato-
graphic process and accelerate flow. Du et al.149 developed a
dual-mode LFA that leverages a nanozyme-assisted signal
amplification strategy (using AuNR@Pt for colourimetry) com-
bined with a magnetic nanoparticle-based flow control strategy
(using Fe3O4 for magnetometry) for the detection of Salmonella
typhimurium (Fig. 5C). Zheng et al.182 also developed a novel
colourimetric-magnetic dual-mode LFA based on Fe3O4@Pt
NPs. However, owing to the specialised and expensive magnetic
sensors, the magnetic properties of MMNPs are currently sel-
dom employed directly for quantification. Instead, they primar-
ily serve as a strong sample preparation tool.53,58 After
enrichment, colourimetric, fluorescent, photothermal or other
signal readouts are readily obtained, thereby facilitating the
implementation of highly sensitive and low-background LFAs.

Other combinations of detection modes are also possible.
For instance, Wu et al.183 constructed a sensitive, portable dual-
mode LFA that combines chemiluminescent and photothermal
readouts (Fig. 5D). By anchoring CoFe Prussian blue analogue
nanozymes onto high-surface-area WS2 nanosheets, they pre-
pared a multi-component nanocomposite. This material

effectively mediated both the enhancement of chemilumines-
cence in the luminol-H2O2 system and the generation of
photothermal signals in the TMB–H2O2 system. Thereby, this
platform merges the high sensitivity of laboratory analyses with
the portability required for on-site testing. In another work, Sun
and colleagues184 immobilised Raman dyes onto Au@Ag NPs,
which displayed intense SERS signals and characteristic elec-
trochemical redox peaks. Based on this design, they fabricated
an electrochemical-SERS dual-mode LFA. The resulting plat-
form demonstrated high sensitivity, high selectivity, a low
detection limit, and long-term stability. The realisation of these
novel dual-mode LFA systems hinges critically on the sophisti-
cated design and controlled synthesis of multi-functional nano-
materials. To translate them from proof-of-concept into
practical applications, collaborative innovation is equally
required in engineering integrated devices that streamline
sample handling, detection, and intelligent readout, with the
ultimate aims of simplifying operation, enabling intuitive
interpretation, and achieving full miniaturisation.

Dual-mode detection ingeniously integrates the composi-
tion and functionalities of MMNPs, combining colourimetric,
fluorescent, SERS, photothermal, electrochemical, and other
modes to confer traditional LFAs with unprecedented analytical
capabilities upon traditional LFAs. This integration enriches
data through complementary qualitative and quantitative infor-
mation and ensures robustness via internal cross-validation.
Thus, it bridges the gap between rapid, low-cost screening and
accurate quantitative analysis.

2.2.2. Tri- and quad-mode detection. Building on the sec-
ondary verification offered by dual-mode formats, multi-mode
LFAs extend their applicability by introducing a third signal
channel and enabling flexible switching among detection
modes according to specific scenarios. This multi-fold comple-
mentarity elevates the accuracy and informational depth of
LFAs, aligning with modern analytical demands for greater
robustness and data dimensionality and providing a more
efficient stable POCT strategy for biological detection. Multi-
mode LFA systems typically rely on carefully engineered multi-
functional multi-component nanomaterials capable of generat-
ing three physical or chemical signals from a single particle.

Hierarchical multi-modal LFAs for performance enhancement.
One representative strategy uses MMNPs simultaneously exhi-
biting catalytic activity and photothermal effects to construct
colorimetric–catalytic–photothermal tri-mode LFAs. In such
systems, three levels of integration are realised, namely visual
observation, catalytic signal amplification, and instrumental
photothermal quantification. The intrinsic colorimetric mode
offers intuitive qualitative or semi-quantitative readouts for
rapid on-site interpretation; catalytically enhanced colorimetric
signals intensify colour via nanozyme-mediated substrate oxi-
dation, markedly lowering limits of detection (LODs); and the
photothermal mode adds an interference-resistant quantitative
signal that can be measured using portable infrared thermo-
meters, greatly improving the reliability and accuracy of field
quantification and making these assays particularly suitable for
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on-site monitoring requiring high-precision quantitative
results.

Li et al.185 proposed a tri-mode LFA based on onion flower-
like Au–Pd NPs integrating colorimetric, catalytically enhanced
colorimetric, and photothermal modes (Fig. 6A). The bimetal-
lic/polydopamine composition, multi-branched morphology,
and broad absorption profile endowed these MMNPs with
excellent colorimetric performance, catalytic activity, and
photothermal properties, enabling ultra-sensitive detection
through the cross-validation of all three modes. Xu
et al.186,187 developed LFAs for respiratory syncytial virus detec-
tion using wheatgrass-like MoSe2@Pt heterojunctions and
Fe3O4@MoS2@Pt-based LFAs for the detection of the SARS-
CoV-2 nucleocapsid protein and influenza A virus, thereby
realising integrated colorimetric–catalytic–photothermal tri-
mode detection by combining catalytically active metals with
photothermal materials.

Given that oxidised TMB (oxTMB) generated during
nanozyme-catalysed TMB oxidation exhibits a strong photo-
thermal conversion capability, laser irradiation applied after

the catalytic colorimetric step can yield an additional photo-
thermal signal. Liu et al.188 exploited this principle to design a
tri-mode LFA for Staphylococcus aureus detection based on
highly catalytically active Pd/Pt NPs, which catalysed the oxida-
tion of TMB for a colorimetric readout and enabled the photo-
thermal detection of oxTMB under excitation at 808 nm. Chen
et al.171 synthesised core (Au)–shell (Mn) nanostructures for a
colorimetric–catalytic–photothermal tri-mode LFA targeting
Escherichia coli O157:H7. Both systems exploit the catalytic
generation of photothermally active oxTMB. By integrating
these four signals, Zhang et al.189 proposed a ‘colourimetric–
catalytic colourimetric–photothermal–catalytic photothermal’
quad-mode LFA based on the copper hexacyanoferrate nano-
zymes doped with Au and Pt (AuPt@Cu-HCF) (Fig. 6B). This
cascade amplification strategy illustrates how a single function
(catalysis) can be harnessed to enhance two intrinsic modalities
(colourimetric and photothermal responses), yielding a highly
sensitive ‘four-in-one’ LFA platform with four tuneable detec-
tion ranges and detection limits tailored to diverse application
scenarios.

Fig. 6 Schematic diagrams of multi-mode LFAs for enabling cross-validation and signal amplification. Schematic illustrations of (A) a complementary
colourimetric–catalytic–photothermal tri-mode LFA strip based on Au–Pd nanozymes. Reprinted with permission from ref. 185. Copyright 2025,
Elsevier. (B) a quad-mode LFA strip featuring colourimetric–catalytic colourimetric–photothermal–catalytic photothermal readouts, exploiting cascade
nanozyme-mediated signal amplification. Reprinted with permission from ref. 189. Copyright 2018, Springer Nature. (C) a colourimetric–catalytic–
fluorescent tri-mode LFA strip for the detection of SARS-CoV-2 antigen using SQF@ZIF-8/Pt NPs. Reprinted with permission from ref. 190. Copyright
2022, American Chemical Society. (D) an Au@Au@Ag/Pt probe-integrated colourimetric–catalytic–SERS tri-mode LFA strip for Klebsiella pneumonia
detection. Reprinted with permission from ref. 192. Copyright 2025, Elsevier.
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The multi-mode configuration can be re-engineered by
replacing the photothermal mode with the more sensitive
and flexible fluorescence mode. This strategy requires nanop-
robes that combine enzyme-mimicking catalytic activity with
intrinsic fluorescence, for which composites of highly catalytic
active metals such as Pt with fluorescent quantum dots or
metal–organic frameworks (MOFs) are particularly attractive.
For instance, Huang et al.190 designed a spatially hierarchical
dual-porous nanostructure integrating colourimetric, fluores-
cent and catalytic functions for the rapid and sensitive detec-
tion of SARS-CoV-2 nucleocapsid protein (Fig. 6C). The
hierarchical assembly of dendritic mesoporous SiO2 and MOFs
enabled controlled loading of red-emissive quantum dots and
Fe3O4 within the framework and promoted synergistic catalytic
enhancement between Fe3O4 and Pt nanozymes. The spatial
distribution and ratio of these three functional units were
optimised to yield discrete sensing modes with continuous
overlapping dynamic ranges and ensured high sensitivity even
at low analyte levels, while overlapping fluorescence signals
provided built-in self-verification and reduced external inter-
ference. Similarly, Sun et al.191 synthesised ZrFe-MOF@Pt NP
nanocomposites via an immersion-reduction route. These
nanocomposites exhibited the benefits of broad optical absorp-
tion, high peroxidase-like activity and solvent stability, and
efficient antibody conjugation and were used to construct
colorimetric-catalytic-fluorescence tri-mode LFAs.

The SERS mode targets ultra-high sensitivity and specificity
in applications requiring molecular fingerprint recognition. In
a colorimetric–catalytic–SERS integrated scheme, the intuitive
visual readout and nanozyme-mediated colorimetric amplifica-
tion are combined with the molecular specificity and ultra-high
sensitivity of SERS to achieve the unambiguous identification
of low-concentration pathogens in complex matrices. The rea-
lisation of this configuration demands the integration of high-
quality SERS-active metal substrates with nanozyme compo-
nents in a bifunctional MMNP architecture and the careful
spatial arrangement of different metal elements because cer-
tain nanozyme materials are not favourable for SERS enhance-
ment. Zhi et al.192 developed multilayer Au@Au@Ag/Pt NPs
featuring a peroxidase-mimicking outer shell and a tuneable
plasmonic nanogap and employed them as probes in an LFA for
the tri-mode colourimetric–catalytic–SERS detection of Kleb-
siella pneumoniae in complex biological matrices (Fig. 6D). This
system achieved a naked-eye LOD of 104 CFU mL�1, catalytic
colourimetric LOD of 103 CFU mL�1, and SERS mode LOD of 38
CFU mL�1, thereby accommodating diverse sensitivity require-
ments within a single platform.

Multi-modal MMNP platforms for comprehensive optical bio-
sensing. MMNP-driven multi-mode detection strategies enable
rapid naked-eye screening (colourimetric), followed, where
necessary, by precise quantification using portable instruments
(photothermal, fluorescence, and SERS). Given that direct and
catalytically enhanced colorimetric readouts are colour-based,
earlier configurations essentially exploited only two signal
dimensions from the nanotags. By contrast, more advanced

tri-mode formats integrate three detection technologies based
on distinct physical principles to enrich the dimensionality of
analytical information.

A representative example is the combination of colorimetric,
fluorescence, and SERS readouts, which jointly utilise optical
intensity information (colour and fluorescence) and spectral
frequency information (SERS) provided by the nanotags. In this
configuration, the colorimetric channel ensures operational
simplicity and immediate qualitative results, the fluorescence
channel—being mature, highly sensitive, and widely supported
by existing instrumentation—provides sensitive quantitative
outputs, and the SERS channel offers unmatched specificity
and ultra-high sensitivity for trace-level analysis in strongly
interfering matrices, all without introducing extra reactions or
substrates during measurement. The precise co-assembly of
components with vivid colour, strong fluorescence, and robust
SERS activity within a single NP allows these three optical
modes to complement and reinforce one another, exemplifying
an innovative strategy for maximising performance via multi-
mode cooperative integration. Li et al.193 developed a tri-mode
system for C-reactive protein detection using nano-assemblies
of Eu chelate-doped polystyrene particles and Au NPs (Fig. 7A).
Chen et al.194 also demonstrated such a system for microRNA
detection in bodily fluids using LFAs co-loaded with upconver-
sion NPs (UCNPs) and Au@Ag NPs. Au@Ag NPs acted as
chromophores and SERS substrates, while their proximity to
UCNPs induced fluorescence resonance energy transfer (FRET)-
mediated fluorescence modulation for the third readout.

Wang et al.195 developed an on-site microanalyzer integrat-
ing a quad-mode LFA strip capable of colorimetric, catalytic,
photothermal, and fluorescence readouts, utilizing multi-
functional dandelion-like Au@Pt nanoparticles. This integra-
tion offers significant advantages, particularly in scenarios with
optical background interference or when equipment portability
is crucial (Fig. 7B). Through rational nanostructure design, they
maximized the performance of each detection modality. The
unique porous architecture provided a large specific surface
area to enhance catalytic activity, while intraparticle coupling
improved optical absorption efficiency, resulting in a high
photothermal conversion efficiency of 65.84%. In addition,
the broad absorption spectrum enabled fluorescence quench-
ing based on dual-spectral-overlap, leading to a highly sensitive
‘‘signal-on’’ fluorescence response.

The colorimetric–photothermal–SERS architecture repre-
sents another flexible and powerful tri-mode union. Beyond
the fundamental colorimetric function, it exploits the photo-
thermal conversion and local electromagnetic field enhance-
ment capacities of MMNPs under laser irradiation to generate
photothermal and SERS signals, with all three readouts origi-
nating from the same NP and therefore being inherently
consistent. These independent cross-validating channels sub-
stantially reduce the risk of false positives and negatives
compared with single- or dual-mode assays and provide seam-
less coverage from rapid screening through portable quantita-
tive measurement to fingerprint-level molecular confirmation,
supporting an end-to-end field-to-laboratory diagnostic
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workflow. Core–shell,196,197 multi-branched198,199 or hollow70

NPs are particularly attractive because they often exhibit deeper
colours, favourable photothermal behaviour, and strong SERS
activity and have been used in tri-mode LFAs. Yang et al.197

synthesised Au@Pt@Ag core–shell–shell particles loaded with
dual layers of the Raman reporter 5,50-dithiobis(2-nitrobenzoic
acid) (DTNB), whose broad ultraviolet-visible-NIR absorption
and optimised shell thickness afforded a pronounced colour
contrast, strong photothermal effects, and intense SERS signals
and enabled the colorimetric–photothermal–SERS tri-mode
LFA of dehydroepiandrosterone with tuneable LODs and detec-
tion ranges (Fig. 7C). Lin et al.169 created a multi-functional
heterostructure by selectively growing Au nanostars on CuS
nanoplates to generate a probe with plasmon-enhanced cataly-
tic, photothermal, and SERS capabilities and used it in a tri-
mode LFA for S. pneumoniae and K. pneumoniae with PCR-
comparable accuracy and assay times under 15 min.

Ding et al.200 reported a quad-mode LFA incorporating
colorimetric, catalytically enhanced colorimetric, SERS, and
photothermal modes for ultra-sensitive higenamine detection
(Fig. 7D). The corresponding nanoprobes comprised Au NP
cores coated with Prussian blue (PB) shells: the Au NPs pro-
vided colour signals and served as SERS substrates, whereas PB
contributed intrinsic peroxidase-like activity and NIR-driven
photothermal effects. These probes generated Raman signals

at 2153 cm�1 in the Raman-silent region, effectively avoiding
background interference from complex matrices such as urine
and food. This work shows that nanoprobe design must secure
not only multiple readouts but also robust reliable performance
for each mode under practical conditions.

Magnetically integrated multi-mode LFAs for end-to-end detec-
tion. Magnetic responses have also been incorporated into
multi-mode LFAs by embedding sample pre-treatment directly
within the strip, thus further streaming the overall detection
process. The intrinsic magnetic properties of MMNPs enable
both efficient magnetic separation and generation of ultra-low-
background magnetic signals, providing significant advantages
in sample purification, signal amplification, and detection of
low-abundance pathogen. This strategy advances LFA systems
towards truly ‘‘sample-in, answer-out’’ POCT devices, enhan-
cing its practicality for real-world diagnostic applications. Liu
et al.170 developed a multifunctional four-in-one nanotag
composed of an Fe3O4 magnetic core, a bimetallic Au/Pt shell,
and a Raman reporter, thereby endowing the probe with
integrated magnetic, optical, peroxidase-like, and SERS char-
acteristics (Fig. 8A). Following viral capture and magnetic
separation, the nanotags provided three complementary read-
outs—colourimetric, catalytically enhanced colorimetric, and
SERS—enabling the tri-mode LFA detection of the monkeypox

Fig. 7 Schematic illustrations of (A) a colourimetric–fluorescent–SERS tri-mode LFA strip for determining C-reactive protein levels. Reprinted with
permission from ref. 193. Copyright 2026, Elsevier. (B) a colourimetric–catalytic–fluorescent–photothermal multi-mode LFA strip for higenamin
detection. Reprinted with permission from ref. 195. Copyright 2024, Wiley-VCH. (C) a colourimetric–photothermal–SERS tri-mode LFA strip using dual
DTNB-Au@Pt@Ag NPs. Reprinted with permission from ref. 197. Copyright 2022, Elsevier. (D) a colourimetric–catalytic–photothermal–SERS quad-mode
LFA strip for acetamiprid detection using a four-in-one multi-functional dandelion-like Au@Pt NP probe. Reprinted with permission from ref. 200.
Copyright 2025, American Chemical Society.
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virus A29L protein and the inactivated virus within 35 min. This
system achieved a wide linear detection range and ultra-low
quantification LODs of 0.0016 pg mL�1 and 17.724 pfu mL�1,
respectively. Yang et al.201 also developed a colorimetric–mag-
netic–photothermal tri-mode LFA utilizing Fe3O4@Au particles
that integrated the strong magnetic and NIR photothermal
characteristics of Fe3O4 with the intrinsic colorimetric response
of Au (Fig. 8B). These hybrid particles enabled magnetic isola-
tion of biogenic amines from real samples while generating
three complementary optical and magnetic signals that collec-
tively enhances assay sensitivity. In practice, however, inter-
preting magnetic signals typically requires specialised
magnetometry instrumentation; therefore, magnetic channels
are seldom employed as routine quantitative readouts and
more commonly serve to facilitate magnetic separation.

The remarkable progress of multi-mode LFA systems is from
the diversified structural designs and precise syntheses of
MMNPs. By meticulously tailoring their composition and mor-
phology to meet functional requirements, and by employing
rigorously controlled synthetic methodologies, the distinct
physicochemical properties of different metals can be inte-
grated into highly potent multi-functional signal tags and
amplifiers. This integrated functionality enables multi-mode
LFAs to merge detection technologies based on different phy-
sical principles and to evolve from simple functional super-
position with internal calibration towards genuine synergistic
signal amplification and scenario-adaptive operation. Crucially,
this structural and functional evolution empowers MMNP-
based LFAs to fulfil the three principal criteria of advanced
POCT. Specifically, synergistic signal amplification markedly
improves sensitivity and specificity, ensuring far greater accu-
racy; cross-validation between different detection modes for-
tifies analytical reliability against complex sample matrices;
and the consolidated single-strip format preserves the funda-
mental operational speed. Consequently, these systems signifi-
cantly enhance sensitivity, specificity, and accuracy, while
introducing new dimensions in instrumentation, quantifica-
tion, and digitalisation—thus achieving a true 1 + 1 + 1 4 3
synergistic enhancement effect. To quantitatively support these

claims, Table 2 summarised the analytical performance of
representative MMNP-based multi-mode LFAs. As shown, the
incorporation of multiple detection modes within MMNP-
based LFAs represents a transition from simple qualitative
rapid tests to powerful multi-dimensional information-
acquisition platforms, providing unprecedented analytical cap-
ability for rapid in vitro diagnostics. By flexibly selecting the
most suitable detection modes according to available instru-
mentation and required sensitivity, multi-mode LFAs can be
tailored to demanding applications such as comprehensive
pathogen serotyping, multiplex biomarker profiling in complex
diseases, or highly reliable testing in resource-limited
environments.

2.3. Multiplex LFAs

Clinical diagnosis, food safety surveillance, and agricultural
quality control demand the rapid, accurate, and simultaneous
quantitative detection of multiple analytes such as mycotoxins,
pathogenic microorganisms, and pesticide residues.204–210 In
these contexts, both the absolute concentrations and relative
ratios of biomarkers serve as crucial diagnostic indicators;
therefore, assays should encompass the maximum possible
number of relevant biomarkers to generate a sufficient infor-
mation for decision-making. As one of the most extensively
adopted POCT platforms, LFAs have achieved notable advance-
ments in multiplex detection through continuous refinement
of strip architectures. The current structural formats for multi-
plex LFAs include multi-signal, single-line multi-path, multi-
line, and microarray configurations (Fig. 9), collectively broad-
ening the analytical capacity of LFAs to detect multiple targets
within a single assay.

2.3.1. Single-line, multi-signal LFAs. The single-line multi-
signal format, a core configuration for multiplex LFAs, is
realised by co-immobilising multiple recognition elements—
each with a specific affinity for a different analyte—onto a
single T-line, together with signal labels generating distinguish-
able readouts. In operation, multiple targets in the sample
selectively bind to their cognate receptors on this shared T-line,
and individual results are discriminated by decoding distinct

Fig. 8 Schematic diagrams of multi-mode LFAs featuring full-process integration with magnetic pre-treatment. Schematic illustrations of (A) an MS@Pt-
based tri-mode LFA strip incorporating magnetic enrichment for qualitative and quantitative detection of monkeypox virus A29L protein. Reprinted with
permission from ref. 170. Copyright 2024, Elsevier. (B) an Fe3O4@Au-based LFA strip integrating magnetic enrichment with colourimetric, photothermal,
and magnetic triple readouts. Reprinted with permission from ref. 201. Copyright 2023, Elsevier.
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Table 2 Summary of representative MMNP-based multi-mode LFAs and their analytical performance

Analysis
method MMNP type

Target
biomarker Detection mode & LOD Sensitivity improvement

Real sample
matrix Ref.

Dual-
mode

PtMnIr Salmonella
typhimurium

Colourimetric: 104 CFU mL�1 Increased 50 times compared to
AuNPs-LFA

Chicken and
vegetable

36
Catalytic: 103 CFU mL�1

Au@Ag–Pt Cardiac tropo-
nin I

Colourimetric: 2 ng mL�1 2 orders of magnitude more sensitive
compared with AuNPs-LFA

Serum 47
Catalytic: 20.41 pg mL�1

Ag@SiO2@dye@SiO2 SARS-CoV-2
antigen

Colourimetric: — over 30 times lower than commercial
colorimetric LFAs

Nasopharyngeal
swab

108
Fluorescent: 65 pg mL�1

Litchi-like Au–Ag Pyrimethanil Colourimetric: 0.957 ng mL�1 2.54- and 3.41-fold lower than AuNPs-
LFA

Cucumber and
grape

173
Fluorescent: 0.713 ng mL�1

MXene–Au Dexamethasone Colourimetric: 0.0018, 0.12, and
0.084 mg kg�1

231-fold more sensitive than the
reported LFAs

Milk, beef and
pork

174

Fluorescent: 0.0013, 0.080, and
0.070 mg kg�1 (in milk, beef, and
pork)

AuNPs and plasmonic
fluors

IL-6 Colourimetric: 166 pg mL�1 More than 1000-fold improvement
over conventional LFAs

Plasma and
nasopharyngeal
swab

107
Fluorescent: 93 fg mL�1

SARS-CoV-2
antibodies

Colourimetric: 1.05 mg mL�1

Fluorescent: 185 pg mL�1

SARS-CoV-2
antigen

Colourimetric: 76 ng mL�1

Fluorescent: 212 pg mL�1

AuNPs a-Fetoprotein Colourimetric: 5 ng mL�1 — Serum 175
Chemiluminescent: 0.27 ng mL�1

Folic acid Colourimetric: 0.1 ng mL�1 Milk powder
Chemiluminescent: 0.22 ng
mL�1

Co–Fe@hemin SARS-CoV-2
spike antigen

Colourimetric: 25 ng mL�1 — Pseudo-SARS-
CoV-2

128
Chemiluminescent: 0.1 ng mL�1

Ag@Au nanoplates SARS-CoV-2
nucleocapsid (N)
protein

Colourimetric: 1 ng mL�1 — Saliva and nasal
swab

43
Photothermal: 40 pg mL�1

High-density Aushell–
Fe3O4

SARS-CoV-2 N
protein

Colourimetric: 1 ng mL�1 1000 times lower than commercial
AuNPs-LFA

Artificial saliva 53
Photothermal: 43.64 pg mL�1

Au nanocages Influenza A Colourimetric: 1.8 ng mL�1 8000-fold more sensitive than tradi-
tional AuNPs-LFA

Saliva 72
Photothermal: 1.51 pg mL�1

Star-like Au@Pt SARS-CoV-2 N
protein antibody

Colourimetric: 1 ng mL�1 4000 times more sensitive than
AuNPs-LFA

Serum 202
Photothermal: 24.91 pg mL�1

ZnFe2O4 Clenbuterol Colourimetric: 0.025 ng mL�1 162-fold more sensitive than tradi-
tional AuNPs-LFA

Pork and milk 203
Photothermal: 0.012 ng mL�1

Ag@Au SARS-CoV-2 IgG Colourimetric: 0.1, 1 ng mL�1 Much lower compared with those
using other labels

Serum 112
SERS: 0.22, 0.52 pg mL�1

(in PBS and serum)
Fe3O4–AgMBA@Au SARS-CoV-2 N

protein antibody
Colourimetric: 10�8 mg mL�1 — Serum 180
SERS: 0.08 pg mL�1

Hollow Au–Ag garland-
like

Squamous cell
carcinoma
antigen

Colourimetric: 0.14 pg mL�1 — Serum 114
SERS: 0.063 pg mL�1

Au nanocrown SARS-CoV-2
spike 1 protein

Colourimetric: 91.24 pg mL�1 — Saliva 116
SERS: 57.21 fg mL�1

AuNPs Salmonella Colourimetric: 38.4 CFU mL�1 — Milk, orange
juice, eggs and
salmon

144
Electrochemical: 1.96 CFU mL�1

DMSNs/AuNPs@Ag a-Fetoprotein Colourimetric: — — Serum 142
Electrochemical: 0.85 ng mL�1

AuNR@Pt and Fe3O4 Salmonella
typhimurium

Colourimetric: 50 CFU mL�1 1000 times lower than traditional
LFAs

Milk 149
Magnetic: 75 CFU mL�1

CoFe PBAs/WS2 Gentamicin Chemiluminescent: 0.33 pg
mL�1

— Milk, urine and
serum

183

Photothermal: 16.67 pg mL�1

Au@Ag Neuron-specific
enolase

Electrochemical: 0.04 ng mL�1 — Serum 184
SERS: 0.6 ng mL�1

S100-b protein Electrochemical: 0.01 ng mL�1

SERS: 0.4 ng mL�1

Tri-
mode

Onion flower-like Au-
Pd

Tetrodotoxin Colourimetric: 1 ng mL�1 — Pufferfish 185
Catalytic: 0.01 ng mL�1

Photothermal: 0.025 ng mL�1

MoSe2@Pt Respiratory syn-
cytial virus

Colourimetric: 105 copies mL�1 Over 10-folds and 50-folds more sen-
sitive than conventional AuNPs-LFA

Nose swab 186
Catalytic: 3162 copies mL�1

Photothermal: 1202 copies mL�1

Fe3O4@MoS2@Pt SARS-CoV-2 Colourimetric: 1 ng mL�1 About 100 times more sensitive than
commercial AuNPs-LFA

Simulated nose
swab

187
N protein Catalytic: 80 pg mL�1

Photothermal: 10 pg mL�1
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Table 2 (continued )

Analysis
method MMNP type

Target
biomarker Detection mode & LOD Sensitivity improvement

Real sample
matrix Ref.

Influenza A Colourimetric: 0.1 mg mL�1

Catalytic: 20 ng mL�1

Photothermal: 8 ng mL�1

Pd/Pt Staphylococcus
aureus

Colourimetric: 103 CFU mL�1 — Urine 188
Catalytic: —
Colourimetric photothermal:
4 CFU mL�1

Multibranched
Au@Mn

Escherichia coli
O157:H7

Colourimetric: 2034 CFU mL�1 37.21-fold lower than AuNPs-LFA Milk, apple juice
and river water

171
Catalytic: 1048 CFU mL�1

Colourimetric photothermal:
239 CFU mL�1

SQF@ZIF-8/Pt SARS-CoV-2 Colourimetric: 1.56 ng mL�1 — Throat swab 190
N protein Fluorescent: —

Catalytic: 0.0302 ng mL�1

ZrFe-MOF@PtNPs Aflatoxins Colourimetric: 0.0636 ng mL�1 two orders of magnitude more sensi-
tive than AuNPs-LFA

Milk and milk
powder

191
Catalytic: 0.0179 ng mL�1

Fluorescent: 0.0062 ng mL�1

Au@Au@Ag/Pt Klebsiella
pneumonia

Colourimetric: 104 CFU mL�1 — Bronchoalveolar
lavage fluid

192
Catalytic: 103 CFU mL�1

SERS: 38 CFU mL�1

Au@Ag and UCNPs microRNA-21 No LOD mentioned — Serum and saliva 194
Linear range: 1 fM–2 nM

Europium chelate-
doped polystyrene
nanoparticles

C-Reactive
protein

Colourimetric: 125 ng mL�1 — Urine 193
Fluorescent: 9.81 ng mL�1

SERS: 77.15 ng mL�1

Au–Ag hollow
nanoshells

SARS-CoV-2 neu-
tralizing
antibody

Colourimetric: 0.2 mg mL�1 — Serum 70
Photothermal: 20 ng mL�1

SERS: 20 ng mL�1

Au@Pt@Ag Dehydro-
epiandrosterone

Colourimetric: 1 ng mL�1 Over 100-fold, 200-fold and 7000-fold
more sensitive than conventional
AuNPs-LFA

Milk, orange
juice and green
tea

197
Photothermal: 0.42 ng mL�1

SERS: 0.013 ng mL�1

Au@Ag Influenza A Colourimetric: — 16-fold increase Pharyngeal swab 196
Photothermal: 5.63 pg mL�1

SERS: 31.25 pg mL�1

Influenza B Colourimetric: — 8-fold increase
Photothermal: 187.5 pg mL�1

SERS: 93.75 pg mL�1

SARS-CoV-2 Colourimetric: — 160-fold increase (compared with
visual-based LFA)N protein Photothermal: 15.63 pg mL�1

SERS: 31.25 pg mL�1

CuS–Au Streptococcus
pneumoniae

Colourimetric: 6.5� 102 CFU mL�1 3–5 orders of magnitude more sensi-
tive compared with AuNPs-LFA

Saliva, urine and
river water

169
Photothermal: 3.6 �
102 CFU mL�1

SERS: 2.0 CFU mL�1

Klebsiella
pneumoniae

Colourimetric: 2.9 �
102 CFU mL�1

Photothermal: 1.8 �
102 CFU mL�1

SERS: 2.0 CFU mL�1

Fe3O4@Au Putrescine Colourimetric: 10 ng mL�1 — Fish, prawns,
beef and pork

201
Photothermal: 2.31 ng mL�1

Magnetic: 0.17 ng mL�1

Histamine Colourimetric: 10 ng mL�1

Photothermal: 4.39 ng mL�1

Magnetic: 0.31 ng mL�1

Au/Pt co-decorated
Fe3O4

Monkeypox virus
A29L protein

Colourimetric: 0.5 ng mL�1 2–3 orders of magnitude more sensi-
tive compared with AuNPs-LFA

Serum and
throat swab

170
Catalytic: 0.005 ng mL�1

SERS: 0.0016 ng mL�1

Quad-
mode

Dandelion-like Au@Pt Acetamiprid Colourimetric: 0.098 ng mL�1 4.6-,9.2-,11.8-,11.2-, and 56.2-fold
lower than traditional AuNPs-LFA

Apple sample
extracts

195
Catalytic: 0.049 ng mL�1

Fluorescent: 0.038 ng mL�1

Photothermal: 0.04 ng mL�1

Colourimetric photothermal:
0.008 ng mL�1

AuPt@Cu-HCF Diazepam Colourimetric: 0.82 ng mL�1 — Crucian carp
and lake water

189
Photothermal: 12.82 pg mL�1

Catalytic: 12.26 pg mL�1

Colourimetric photothermal:
4.43 pg mL�1
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signals, which may include naked-eye colour differences,
instrumentally measured grayscale values, or advanced signal
modalities such as photothermal signals and Raman shifts.
Zhang et al.211 developed a trichromatic library consisting of Au
NPs (magenta), Au hollow NPs (cyan), and Ag@Au NPs (yellow)
to establish a colour-encoding LFA. By functionalizing these
nanoprobes with distinct antibodies, the authors achieved the
simultaneous detection of multiple targets on a single test line.
Notably, this system employed a ‘‘colour co-localisation’’
mechanism: in the presence of co-existing analytes, the over-
lapping capture of different nanoprobes produced distinguish-
able secondary colours (e.g., mixing red and blue to yield
purple), thereby enabling the rapid visual identification of
complex sample profiles without the need for external reading
equipment.

However, several limitations persist. In complex matrices
such as dark-coloured fruit juices or high-fat milk, visual colour
judgement can be compromised. To address this limitation,
SERS-encoded nanotags offer a robust solution by converting
the detection zone into a ‘‘fingerprint reader’’. By exploiting the
high intensity and distinct spectral peaks of Raman reporters,
this approach enables the simultaneous quantification of

multiple targets, thereby significantly expanding the dynamic
range and sensitivity of single-line assays.212–215 Wang et al.213

developed a SERS-encoded platform specifically designed for
the single-line simultaneous detection of carbendazim and
imidacloprid. The strategy relied on the synthesis of AuNPs-
based SERS labels, each encoded with a specific Raman repor-
ter molecule possessing non-overlapping vibrational finger-
prints. This design allowed distinct Raman peaks to be
resolved from a single detection zone without spectral crosstalk
(Fig. 10A). Notably, this ‘‘fingerprint readout’’ offered a quanti-
tative dynamic range significantly superior to visual inspection,
thereby validating the potential of SERS-LFAs in high-
throughput food-safety monitoring. However, an inherent lim-
itation arises from spatial proximity of labels in single-line
multi-signal LFAs: different labels immobilized on the same
line may experience steric hindrance or direct competition for
binding sites, resulting in signal inaccuracy. Moreover, the
accurate discrimination of optical signatures typically requires
a specialised Raman reader, which hinders complete detach-
ment from laboratory-based equipment.

2.3.2. Multi-path LFAs. To avoid the competitive binding
issues observed in single-line multi-signal formats, a single-line

Table 2 (continued )

Analysis
method MMNP type

Target
biomarker Detection mode & LOD Sensitivity improvement

Real sample
matrix Ref.

Au@PB Higenamine Colourimetric: 1.07 ng mL�1 2 orders of magnitude more sensitive
than most chromatography-based
methods

Urine and func-
tional beverage

200
Catalytic: 0.68 ng mL�1

SERS: 0.01 ng mL�1

Photothermal: 0.71 ng mL�1

Au nanostar@PtOs
nanocluster

Breast cancer
exosome

Colourimetric: 1.2 �
105 exosomes per mL

2–4 orders of magnitude more sensi-
tive than AuNPs-LFA

Serum 198

Catalytic: 2.6 � 103 exosomes
per mL
Photothermal: 4.6 � 102

exosomes per mL
SERS: 41 exosomes per mL

Fig. 9 Schematic illustrations of (A) single-line, multi-signal LFA, (B) multi-path LFA, (C) multi-line LFA, and (D) microarray-type LFA.
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multi-path LFA configuration has been developed. In this
approach, multiple independent miniature LFA strips are inte-
grated into a single device (e.g. a plastic cartridge), each
dedicated to a specific target analyte and equipped with its
own sample pad, conjugate pad, and T-line while optionally
sharing a common sample inlet. During testing, the sample is
distributed to each miniature strip via an internal flow network
design (such as flow-splitting grooves or capillary channels),
ensuring that each strip undergoes an independent immuno-
reaction. Functionally, this is equivalent to incorporating sev-
eral separate LFA strips in a single cartridge to enable parallel
multiplex detection. Each strip operates as a self-contained
reaction environment for a specific analyte, thereby enabling
parallel multiplex detection while strictly preventing the inter-
reagent interference between different targets.159,209,216 A
streamlined implementation of this concept is the bidirectional
LFA. As demonstrated by Cheng et al.,217 a symmetrical two-way
device was engineered to detect acetochlor and fenpropathrin
simultaneously. By placing the sample pad at the centre,
the fluid flowed in opposite directions, allowing independent
immunoreactions to occur without mutual interference
(Fig. 10B). This system employed Pt–Ni(OH)2 nanosheets as
catalytic labels to amplify the signal, enabling high-sensitivity
quantification via smartphone imaging. Schenk et al.218 further
developed a multi-channel LFA comprising four independent

strips. This design successfully achieved multiparametric
detection of Salmonella lipopolysaccharide in a single run. By
confining each serovar-specific antibody to a separate arm, the
assay effectively avoided the cross-reactivity commonly
observed between structurally similar antigens.

The main advantages of this architecture are the full inde-
pendence of each detection channel, which eliminates signal
crosstalk between analytes and allows reaction conditions
(such as buffer and antibody concentrations) to be individually
optimised for each target, thereby ensuring high accuracy.
However, several limitations should also be acknowledged. If
a shared inlet is not used, multiple sample loading steps are
required, thereby increasing operational complexity, while total
sample consumption rises because each strip needs an ade-
quate volume. In addition, the integrated cartridge is bulkier
than that used in standard single-strip LFAs, slightly compro-
mising portability, and the more complex design and assembly
typically lead to higher manufacturing costs.

2.3.3. Multi-line LFAs. To circumvent the drawbacks of
single-line multi-signal and single-line multi-path formats,
research on multiplex LFA has increasingly focused on multi-
line configurations, which currently represent the most widely
adopted strategy for multiplexing. In this mode, multiple
independent T-lines are deposited on the NC membrane
sequentially or in parallel, each immobilised with capture

Fig. 10 Schematic illustrations of (A) a SERS-encoded LFA strip for single-line multi-signal detection. Reprinted with permission from ref. 213. Copyright
2024, Elsevier. (B) a two-way LFA strip based on Pt–Ni(OH)2 nanosheets with smartphone readout. Reprinted with permission from ref. 217. Copyright
2019, Elsevier. (C) a multi-line SERS-LFA strip for the simultaneous differentiation of SARS-CoV-2 and Influenza A. The design utilizes sequential detection
zones to ensure independent immunoreactions. Reprinted with permission from ref. 219. Copyright 2022, Springer Nature. (D) a high-density LFmIA:
device featuring a patterned array of 36 discrete spots on a single membrane for simultaneous multiplex allergen detection. Reprinted with permission
from ref. 223. Copyright 2022, MDPI.
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antibodies specific to a distinct analyte, while a shared C-line is
included to verify strip validity. During operation, the sample
migrates along the strip under capillary action, and the
presence of each target is indicated by signal generation (such
as colourimetric, fluorescence, or photothermal response) at
the corresponding T-line.119,169,219,220 As exemplified by Lu
et al.,219 a single NC membrane was patterned with sequential
detection zones—one dedicated to SARS-CoV-2 and another to
Influenza A virus (Fig. 10C). This spatial segregation ensures
that the immunochemical reactions for each target occur
independently as the sample migrates along the strip. Notably,
the integration of SERS-encoded AuNPs overcame the limita-
tions of visual sensitivity, enabling quantitative readouts that
combine operational simplicity with clinical-grade accuracy. In
another study, Wu et al.221 constructed a multi-colour LFA
system using morphology-tuned Au NPs. Four distinct types—
red nanospheres, purple nanocacti, blue nanoflowers, and
hyperbranched plasmonic blackbodies—were synthesized,
exhibiting extinction coefficients over 1000-fold greater than
those of organic pigments. This design ensured visually distinct
readouts along with high detection sensitivity.

The principal advantages of the multi-line format are its
simple operation, straightforward visual interpretation of T-line
signals, and minimal dependence on sophisticated instrumen-
tation, making it highly suitable for rapid on-site screening.
However, several intrinsic limitations persist. The typical NC
membrane length (approximately 4 cm) constrains the number
of T-lines to around 3 to 5, owing to the need for a spacing of at
least about 2 mm to prevent signal diffusion and overlap.
Upstream T-lines partially deplete the target analytes, thereby
lowering the sensitivity of downstream lines, while highly
viscous samples such as honey or thick fruit juices may induce
non-uniform capillary flow, leading to inconsistent signal
development.

2.3.4 Microarray-type LFAs. To overcome the spatial and
throughput constraints of the multi-line format, LFAs can be
integrated with microarray-based technology. By applying high-
precision spotting techniques, multiple detection spots form-
ing a miniature detection array are densely immobilised within
a small region (typically several square millimetres) on the LFA
strip, thereby enabling true multiplex detection. Each detection
spot corresponds to a specific analyte, with the inter-spot
spacing being on the order of tens to hundreds of micrometres.
During testing, the sample flows through the microarray zone,
where each spot selectively reacts with its target analyte. The
signals from individual spots are collected by a specialised
detector, such as a fluorescence scanner, thereby allowing the
simultaneous analysis of dozens of targets within a compact
area.222 Byzova et al.222 proposed a ‘‘lateral flow highway’’
concept for the rapid profiling of cardiac three markers (Myo-
globin, D-dimer, and C-reactive protein). Instead of physically
cutting the membrane or patterning hydrophobic barriers, the
authors utilized precise micro-spotting technology to deposit
reagents into strictly defined, adjacent parallel tracks. This
design successfully eliminated cross-reactivity for cardiac
marker detection while achieving an ultra-rapid response time

(1–1.5 min), meeting the stringent requirements of acute
diagnostics. In another study, Sena-Torralba et al.223 developed
a lateral flow microimmunoassay (LFmIA) capable of patterning
up to 36 discrete spots on a single membrane for the detection
of hazelnut, peanut, and almond allergens (Fig. 10D). By
analysing the statistical distribution of signals from these
AuNP-labelled spots, the platform achieved high sensitivity
(185 mg kg�1 for almonds, 229 mg kg�1 for peanuts) and good
selectivity (77%).

The key strengths of this mode include high analytical
throughput (often exceeding 10 targets per test), outstanding
space efficiency (maximising detection capacity within a con-
fined area), and minimal signal cross-talk between discrete
spots, thereby enabling reliable detection in complex samples
containing multiple pathogens or toxins. Nevertheless, several
challenges remain. The fabrication procedure is inherently
complex, requiring precision microarray spotters (e.g. micro-
fluidic spotters) and stringent environmental control—as tem-
perature and humidity directly influence spot uniformity. In
addition, the use of advanced instrumentation and specialised
labelling reagents drives up production costs, while reliance on
high-resolution readers such as fluorescence microarray scan-
ners reduces portability and limits field applications.

2.4. Translational potential of multi-mode LFAs in diverse
actual sample matrices

Full realisation of the potential of LFAs in POCT requires
rigorous validation of their analytical performance under prac-
tical conditions. However, when directly applied to real-world
scenarios, LFAs often encounter significant challenges arising
from the intrinsic complexity of biological and environmental
matrices. Unlike idealised buffer systems, complex samples—
such as whole blood, serum, plasma, saliva, urine, nasophar-
yngeal swabs, or even crude food homogenates (e.g., milk or
meat extracts)—contain multiple interfering substances that
can markedly impact assay performance.224 For instance,
highly pigmented components such as haemoglobin in blood
or myoglobin in meat, and endogenous molecules with self-
luminescent properties, can absorb and scatter light, leading to
interference in colorimetric or fluorescent readouts. Further-
more, viscous mucins in saliva and dense lipid particles or solid
debris in food matrices can notably increase sample viscosity,
resulting in slow capillary flow, membrane clogging, or delayed
detection. Abundant non-target proteins in these matrices may
induce non-specific adsorption, elevating background noise,
whereas significant variations in pH and ionic strength---parti-
cularly in urine—can destabilize nanoprobes by disrupting
their double-layer structures, leading to aggregation and loss
of signal. Collectively, these matrix effects degrade assay sensi-
tivity and accuracy, often causing false-positive or false-negative
outcomes. Consequently, conventional LFAs require laborious
and time-consuming sample pre-treatments (e.g., centrifuga-
tion, filtration, extraction) prior to analysis, which contradict
the intrinsic goals of rapid and user-friendly on-site testing.
In contrast, MMNPs offer distinctive physicochemical advan-
tages that help overcome matrix-induced interferences. Their
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mechanisms for mitigating matrix effects and ensuring detec-
tion stability can be broadly categorized into three strategies:

2.4.1. Magnetic pre-enrichment and matrix separation. In
complex, high-viscosity matrices such as whole blood, saliva or
crude food homogenates, forcing particle-rich raw samples
through NC membranes can cause slow flow and physical
blockage. A direct solution is to physically separate the target
analytes from the interfering background. MMNPs containing
magnetic components are particularly effective for this
purpose.225 They capture the target molecules in untreated
samples, and under an external magnetic field, the target–
probe complexes are efficiently isolated while the original
matrix is discarded. The separated complexes are re-dispersed
in optimized buffer, enabling rapid, on-demand magnetic pre-
concentration. This spatial separation reduces background
interference from lipids, mucins, and other macromolecules
while enriching low-abundance analytes. For example, Wang
et al.203 developed a multi-functional LFA based on ZnFe2O4

nanoparticles that integrates magnetic separation/enrichment
with colorimetric and photothermal detection. This method
was successfully applied to the detection of clenbuterol in pork
and milk, achieving a nine-fold increase in sensitivity com-
pared with the non-enriched assay, and a 162-fold improve-
ment over conventional AuNP-based LFAs.

2.4.2. Background-free optical signal readouts. Biological
matrices containing pigments and auto-fluorescent molecules
typically generate intense endogenous absorption and fluores-
cence in the visible region, impeding reliable signal detection
in traditional colourimetric or fluorescent LFAs. Through pre-
cise structural tuning, MMNPs can shift their LSPR or SERS
response into the NIR region, where optical absorption and
auto-fluorescence from biomolecules such as haemoglobin and
aromatic amino acids are minimised. This spectral shift
enables deep optical penetration and a superior signal-to-
noise ratio even in undiluted, coloured samples. MMNPs with
LSPR peaks located in the NIR range therefore facilitate low-
background, high-sensitivity SERS and photothermal
detection.226,227 For instance, Fang et al.228 reported a dual-
mode T-type LFA integrating SERS and temperature-based
photothermal detection for simultaneous measurement of total
and free prostate-specific antigen (PSA) in untreated human
blood. By leveraging low-background optical detection in
combination with dual-mode signal integration, the approach
achieved quantitative accuracy comparable to conventional
electrochemiluminescence immunoassays.

2.4.3. Enhanced colloidal stability and anti-biofouling.
Beyond spatial and optical advantages, the intrinsic interfacial
chemistry of MMNPs contributes strongly to their stability in
harsh matrices with high salt and protein content, such as
urine and nasopharyngeal swabs. Through synergistic multi-
metallic compositions (Section 2.1.1) and advanced surface
engineering (Section 2.1.2), MMNPs exhibit robust interfacial
stability. The signal-generating metal core can be shielded by
inert metals43,112 or protective coatings229,230 to enhance resis-
tance to chemical interference, while surface modification with
tailored ligands improves colloidal stability under high ionic

strength.231,232 These engineered hydration or polymeric layers
additionally provide steric hindrance against non-specific
adsorption, reducing biofouling and preserving high target
specificity.

In summary, these three complementary strategies collec-
tively mitigate severe matrix effects, enabling MMNPs to bridge
the gap between idealized laboratory studies and real-world
diagnostic applications. The evaluation of MMNP-based LFAs
across diverse real-sample matrices, as summarized in Table 2,
further demonstrates their strong translational potential. This
robust matrix resilience represents a key prerequisite for advan-
cing toward precision diagnostics, ensuring that LFAs truly
fulfil their promise of rapid, reliable, and accurate POCT. As
MMNPs effectively capture and amplify multimodal signals
within complex biological backgrounds, the next crucial chal-
lenge involves the accurate interpretation, integration, and
standardization of these diverse outputs—necessitating the
incorporation of AI and digital connectivity technologies, which
are further discussed in the following section.

3. Intelligent LFA systems: AI-powered
analysis and digital connectivity

Accurate and reproducible analysis requires minimising envir-
onmental and substrate interferences, recognising weak or
overlapping signals, and discerning meaningful correlations
among multiple detection channels. At the same time, conven-
tional LFAs function as isolated information islands, providing
results that cannot be easily stored, transmitted, or integrated
into broader medical information systems. This lack of digital
connectivity limits applications in telemedicine, epidemiologi-
cal surveillance, and real-time clinical decision support. To
address these shortcomings, the LFA technology is rapidly
undergoing an intelligent transformation through its integra-
tion with AI and the IoT, making a shift from subjective
standalone diagnostic devices to comprehensive analytic plat-
forms characterised by objective detection, quantitative evalua-
tion, and intelligent data processing.1,231

This section outlines the three technological pillars under-
pinning intelligent LFA systems, as shown in Fig. 11. (1) AI- and
ML-based multi-modal data analysis: Advanced algorithms (e.g.
convolutional neural networks (CNNs), random forests (RFs),
and support vector machines (SVMs)) can process the complex
signals generated by multi-modal LFAs, enabling the identifi-
cation of subtle features, standardisation of result interpreta-
tion, and enhanced multi-target diagnostic precision. These
models further support adaptive calibration and self-learning,
thereby reducing operator bias and dependency on environ-
mental conditions. (2) Smartphone-based objective imaging
and quantification: Mobile devices equipped with high-
resolution cameras and image-processing applications replace
subjective visual assessments with quantitative signal readouts.
When paired with simple optical adaptors or dongles, smart-
phones achieve near-laboratory-level sensitivity while retaining
portability and user-friendliness, thereby supporting field
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deployment and home diagnostics. (3) IoT-enabled connectivity
and telemedicine integration: Through Bluetooth, Wi–Fi, or
cloud networking, contemporary LFAs can transmit data to
healthcare servers or public health databases in real time,
which allows automated electronic health record integration,
remote clinical consultation, population-level outbreak moni-
toring, and longitudinal patient management. Synergistic
advances across these three components are propelling the
evolution of LFAs from simple rapid screening tools to fully
intelligent diagnostic ecosystems capable of self-calibration,
multi-parameter analysis, and real-time reporting. Essentially,
these digital integrations enable modern LFAs to satisfy the
key criteria of POCT. Automated, data-driven interpretation
through AI and smartphones eliminates subjective visual bias,
guaranteeing high accuracy and reliability. Simultaneously,
instantaneous on-site data processing and rapid IoT transmis-
sion both maintain and enhance the speed necessary
for immediate clinical decision-making. Such next-genera-
tion smart LFAs are expected to underpin personalised medi-
cine, connected healthcare, and proactive global disease
surveillance.

3.1. Application of AI and ML to for multi-modal data
interpretation

The rapid evolution of multi-mode LFAs has extended their
analytical capabilities beyond conventional single-signal colori-
metric formats. Contemporary platforms can simultaneously
generate colorimetric, fluorescence, SERS, electrochemical, and
other outputs, producing high-dimensional datasets that
encode rich molecular information but are difficult to interpret
using traditional methods. Each channel exhibits distinct non-
linear behaviour, LODs, and noise characteristics that depend
on reagent chemistry, illumination, and substrate morphology.
Hence, simple thresholding or visual inspection cannot capture
inter-mode dependencies or time-resolved signal dynamics.

In this context, AI and ML have become essential tools for
converting heterogeneous multi-modal LFA readouts into

reliable quantitative information. By jointly analysing colouri-
metric, spectral, and temporal features, supervised and deep
learning models (e.g. CNNs, gradient boosting, hybrid time-
series architectures) can automatically correct background
variations and recognise weak positives that are frequently
missed by human readers. For instance, ML-based classifiers
for COVID-19 LFAs have been shown to improve interpretation
accuracy and reduce the incidence of false positives and
negatives by consistently identifying weak T-lines that are
frequently misread by users.

AI-based methods offer a powerful solution to the limita-
tions of human perception and the rigidity of classical calibra-
tion curve-fitting. Rather than depending on pre-defined
analytical or empirical relationships, ML models learn directly
from data, autonomously identifying patterns that capture the
non-linear coupling among optical density, spectral signatures,
and reaction kinetics (Fig. 12). Classical supervised algorithms
such as K-nearest neighbours (KNNs) and SVMs are commonly
deployed to classify faint or ambiguous T-line signals,
effectively separating weak positive outcomes from true nega-
tives even under challenging illumination and imaging
conditions.232–234 Ensemble learning methods, including RFs
and gradient boosting trees, aggregate multiple decision
models to improve robustness against experimental variability
and environmental noise, thereby enhancing reliability and
generalisation performance. Similarly, Gaussian process
regression introduces a probabilistic framework that
quantifies prediction uncertainty through Bayesian inference,
enabling confidence interval estimation for each predicted
concentration.235–238

Deep learning extends these concepts to non-linear high-
dimensional data environments. ANNs and CNNs can model
intricate correlations across multi-modal features such as spec-
tral profiles, colorimetric gradients, and fluorescence-intensity
distributions.239–243 CNNs automatically extract spatial patterns
that correlate with analyte concentration by recognising subtle
visual cues—such as gradient intensity or nano-colloid

Fig. 11 Schematic diagram of an intelligent LFAs system.
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aggregation behaviour—often imperceptible to human obser-
vers. Hybrid CNN-SVM architectures combine deep feature
extraction with conventional classification accuracy, effectively
using textural and morphological information to facilitate the
discrimination of overlapping signals more effectively.239,240

For instance, classical supervised models such as KNNs and
SVMs are widely used to classify faint or borderline T-line
signals, thereby distinguishing weak positives from true nega-
tives under variable lighting conditions.232–234 Ensemble meth-
ods such as RFs and Gradient Boosting Trees aggregate
multiple weak learners to enhance robustness against experi-
mental noise, while Gaussian process regression (GPR) incor-
porates probabilistic modelling to provide confidence intervals
for predictions.235–238 Deep learning approaches, including
ANNs and CNNs, extend these principles to nonlinear, high-
dimensional data.239–243 CNNs, in particular, are highly effec-
tive for automatically recognising subtle colour gradients or
fluorescence distributions corresponding to analyte concen-
tration, while hybrid CNN-SVM architectures enable the extrac-
tion of texture-level features associated with nanoparticle
aggregation.239,240 Representative AI models and their typical
applications in LFA data analysis are summarized in Table 3.

Unlike earlier review frameworks that primarily grouped AI
applications by measurement modality (e.g., SERS vs. fluores-
cence) or algorithmic family (e.g., ML vs. DL), this review
adopts a stage-wise, function-oriented classification termed
SMEDI (signal-model-enhancement-decision-interpretation), as
depicted in Fig. 13. This framework maps computational methods
onto the natural data flow in LFA systems, establishing a struc-
tured hierarchy from raw signal capture to system-level decision-
making. At the signal stage, image acquisition and pre-processing
operations such as normalisation and denoising are applied to
standardise input quality and multi-gate variations arising from
illumination, camera hardware, and substrate heterogeneity.

The model stage centres on extracting representative
features from these processed inputs, whether via CNN-based
visual encoders for image data or principal component analysis
(PCA) and related methods for compressing high-dimensional
spectral signals. The enhancement stage employs techniques
such as transfer learning and domain adaptation to improve
model performance to improve cross-device robustness and
maintain performance across different sample matrices
and operating environments.236 At the decision stage, regres-
sion and classification models convert abstract feature

Fig. 12 Representative machine learning algorithms for intelligent data analysis. (A) Support vector machine, (B) Gaussian process regression, (C)
ensemble learning (e.g., random forest and gradient boosting), (D) artificial neural network, (E) convolutional neural network, and (F) K-nearest
neighbours.
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representations into quantitative diagnostic outputs and
categorical labels. Finally, the interpretation stage integrates
automation, explainability, and clinical feedback, closing the
loop from sensing to intelligence and enabling human-centred
understanding, model auditing, and iterative refinement.244–247

The SMEDI paradigm underscores the fact that AI within
LFAs functions not as a single isolated module, but as an end-
to-end intelligence pipeline that unifies sensing, data proces-
sing, and interpretive reasoning. By structuring AI integration
across all stages of the analytical workflow, this framework
provides a conceptual foundation for designing next-generation
LFA platforms that are self-calibrating, cross-modal, and
increasingly autonomous, thereby supporting more reliable
and adaptable diagnostic solutions.

3.1.1. Image recognition and analysis. Image recognition
and feature abstraction form the backbone of AI-driven inter-
pretation in single-and multi-mode LFAs. The most accessible
and widely used data type in these systems are two-dimensional

colourimetric images acquired via a smartphones or portable
readers. However, such images are highly vulnerable to varia-
tions in illumination, viewing angle, optical distortion, and
membrane inhomogeneity. Even subtle changes in light spec-
trum or surface roughness can markedly alter pixel intensities,
causing inconsistencies in visual or intensity-based readouts.
To mitigate these effects, the signal stage applied standardised
pre-processing procedures such as RGB calibration, rotation
and perspective correction, and white-patch or reference-card
normalisation to harmonise raw image inputs, as illustrated in
Fig. 14A.232 Computer-vision pipelines implemented with
OpenCV or MATLAB then automate region-of-interest extrac-
tion and lane detection, ensuring the robust localisation of
T- and C-lines across different users and devices, and imaging
conditions.

Once image quality has been standardised, the model stage
uses ML algorithms to construct compact feature representa-
tions. For relatively simple colourimetric data, classical models

Table 3 Representative AI/ML models for LFA data analysis

Model type
Algorithm/
abbreviation Core principle

Typical input/feature
type Strengths Limitations/notes

Classical ML K-Nearest neigh-
bours (KNN)

Distance-based classification;
assigns label based on nearest
feature vectors

Intensity ratios, RGB
values, texture
features

Simple, interpretable,
effective for small
datasets

Sensitive to noise and data
scaling; not suitable for high-
dimensional data

Support vector
machine (SVM)

Finds optimal hyperplane
separating classes with max-
imal margin

Spectral features,
morphological
descriptors

High accuracy on small
but well-separated
datasets

Requires parameter tuning
(kernel choice); less scalable

Random forest (RF) Ensemble of decision trees via
bagging

Mixed features (col-
ourimetric + SERS +
fluorescence)

Handles nonlinear
features; interpretable
feature importance

Can overfit noisy data; less
effective on extrapolation

Gradient boosting
(GBM/XGBoost)

Sequential ensemble learning
minimizing residual error

Multi-mode quanti-
tative data

High prediction accuracy;
captures nonlinear trends

Computationally heavier; risk
of overfitting

Gaussian process
regression (GPR)

Probabilistic regression using
kernel-based covariance
functions

Spectral intensities,
calibration curves

Quantifies uncertainty;
suitable for small data

Poor scalability with large
datasets (O(n3))

Deep
learning

Artificial neural net-
work (ANN)

Multi-layer nonlinear map-
ping between input and
output

Multi-channel
numeric inputs,
spectral data

Captures nonlinear cor-
relations; flexible
architecture

Requires large datasets;
black-box nature

Convolutional
neural network
(CNN)

Extracts spatial patterns via
convolution filters

LFA strip images,
ROI pixel maps

Automatic feature learn-
ing; high performance in
image analysis

Needs many training sam-
ples; sensitive to overfitting

Recurrent neural
network (RNN/
LSTM)

Sequential modelling of tem-
poral or positional
dependencies

Time-resolved signal,
flow assay dynamics

Effective for time-
sequence data; can model
signal drift

Training instability; vanish-
ing gradients

Autoencoder (AE) Learns compressed latent
representation via
reconstruction

High-dimensional
spectra, noise-rich
data

Unsupervised; enhances
generalization

Risk of losing subtle signal
features

Transfer learning
(ResNet/VGG-based)

Reuses pre-trained deep
models for similar visual tasks

RGB image datasets
(few-shot training)

Reduces data demand;
enables cross-device
calibration

Requires similar data domain
for effective transfer

Hybrid/
ensemble

CNN-RF/ANN-SVM Combines deep feature
extraction with robust
classifier

Multi-mode image +
numerical features

Combines advantages of
deep and shallow models;
robust

More complex training;
requires balanced dataset

Probabilistic/
statistical

Partial least squares-
discriminant analy-
sis (PLS-DA)

Projects features into latent
variables maximizing
covariance

Raman spectra, mul-
tivariate LFA signals

Efficient for small, corre-
lated datasets

Assumes linear relation; lim-
ited in nonlinear systems

Principal compo-
nent analysis (PCA)

Orthogonal decomposition for
variance-based feature
reduction

Spectral and colori-
metric data

Reduces dimensionality;
highlights main variance

Unsupervised; may lose
minor but relevant features

Advanced/
recent trends

Attention-based
networks

Weighting most informative
signal channels dynamically

Multi-mode inputs
(colour, SERS,
fluorescence)

Interpretable; adaptive
channel fusion

Complex architecture; train-
ing requires large data

Graph neural net-
works (GNN)

Models relational dependen-
cies among sensor nodes or
test zones

Multi-test LFAs,
spatial-structural
data

Captures inter-line corre-
lation; flexible graph
topology

Requires labelled relational
data
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such as SVM and KNN can classify intensity or colour profiles of
T- and C-lines and have been successfully deployed on
smartphone-based LFA platforms to distinguish weak positives
from true negatives with a reliability exceeding that provided by
human readers.233 In contrast, more complex signals---includ-
ing fluorescence, SERS patterns, or nanostructured scattering
signatures—require non-linear models capable of capturing
texture, morphology, and fine spatial gradients. CNNs automa-
tically learn multi-level visual features that map onto chemical
or physical changes on the strip. Fairooz et al.239 developed
hybrid CNN-SVM models simultaneously exploiting texture
descriptors and deep spatial features to enhance thyroid-
stimulating hormone assay sensitivity, achieving accuracies
above 97% and specificities exceeding 99% under variable
lighting conditions.

For fluorescence-based LFAs and line profiles with complex
shapes, segmentation-focused architectures such as U-Net,
UNet++, and attention-augmented variants offer pixel- or
curve-level delineation of T- and C-lines that may be invisible
to the naked eye (Fig. 14B).240 These models provide precise
masks or integration windows for signal quantification, even
when the fluorescence distribution is diffuse or obscured by
background noise. In a recent study on fluorescence LFA data,
an improved U-Net segmentation model achieved intersection-
over-union scores approximately 0.97 for separating C- and T-
peak regions, illustrating the potential of deep segmentation
networks to standardise quantitative readouts in high-
sensitivity assays. In spectral imaging systems such as SERS-

and fluorescence-based LFAs, dimensionality reduction meth-
ods such as PCA and independent component analysis (ICA) are
frequently coupled with classifiers such as SVM or RF
(Fig. 14C).241,242 These pipelines compress thousands of wave-
length channels into a small set of principal or independent
components, improving interpretability and reducing noise
while preserving the quantitative information required for
accurate classification and regression.246,247

Lightweight ML models derived from these reduced feature
sets can be directly deployed on smartphones or embedded
readers, enabling on-device inference without reliance on cloud
connectivity—an important advantage for decentralised test-
ing, resource-limited settings, and privacy-sensitive applica-
tions. Through this integrated workflow, raw, unstructured
visual and spectral data are transformed into structured numer-
ical representations well suited for downstream modelling. The
synergy between robust CV-based pre-processing and ML-
driven feature extraction underpins reproducible quantifica-
tion even in uncontrolled field environments, forming a core
computational pillar of intelligent LFA systems.

3.1.2. Multi-modal signal fusion and processing. As multi-
mode LFAs increasingly integrate distinct physical modali-
ties—such as colourimetric absorbance, fluorescence emission,
SERS scattering, magnetic readouts, and electrochemical
signals—the resulting datasets become complementary but
highly heterogeneous. Each modality exhibits different
dynamic ranges, noise characteristics, and sensitivities to
environmental perturbations, which make direct one-to-one

Fig. 13 Stage-wise signal-model-enhancement-decision-interpretation framework for AI-driven multi-mode data interpretation. This schematic
illustrates a five-stage pipeline that supports intelligent analysis in LFA and multi-mode sensing systems from raw signal acquisition, model-based
feature enhancement, decision generation, and final user-oriented result explanation.
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correlation between channels nontrivial. Within the SMEDI
framework, the enhancement and decision stages therefore
prioritise data harmonisation and cross-modal learning to
realise accurate fusion-based quantification.

At the enhancement stage, transfer learning and domain
adaptation are particularly valuable. Pre-trained deep architec-
tures such as ResNet, VGG, and DenseNet can be fine-tuned on
small task-specific LFA datasets, sharply reducing the need for
extensive manual annotation while retaining strong feature-
extraction capabilities. Wang et al.236 demonstrated this strat-
egy in an AI-reinforced UCNP-based LFA, where transfer learn-
ing allowed robust quantitative fluorescence detection and
maintained high accuracy even when up to 30% artificial noise
was introduced, effectively addressing data scarcity and edge-
device computational limits (Fig. 15A). In parallel, data aug-
mentation techniques—including rotation, cropping, flipping,
Gaussian blurring, and controlled noise injection—expand the
diversity of training images, mitigate overfitting, and improve

generalisation across different readers, lighting conditions, and
strip batches, which is critical for multi-source signal fusion.240

Through this combination of pre-trained models, domain
adaptation, and augmentation, multi-modal signals are
mapped into a common latent representation that captures
the shared structure while preserving modality-specific infor-
mation. Subsequent decision-layer models (e.g. multi-modal
CNNs, ensemble regressors, or attention-based fusion net-
works) can then exploit cross-channel redundancies and com-
plementarities—such as combining robust but coarse
colorimetric trends with highly sensitive but noisy SERS or
fluorescence features—to generate more accurate and reliable
diagnostic outputs than any single mode alone.

At the decision stage, ensemble and deep regression models
integrate heterogeneous features into unified diagnostic out-
puts. RF and gradient boosting combine numerous weak
learners into robust classifiers and regressors, performing
particularly well on small or noisy datasets. Artificial neural

Fig. 14 (A) Evaluation of CV-assisted sensing performance using an LFA reader and a smartphone. (a) Schematic overview of the acquisition and
processing workflow; (b) post-calibration image showing the correction of geometric distortion, illumination non-uniformity, and colour imbalance via
reference-card-based normalisation. Reprinted with permission from ref. 232. Copyright 2023, Royal Society of Chemistry. (B) U-Net++ network
architecture and feature extraction pathway. (a) Basic nested U-Net++ structure with dense skip connections; (b) evolution of feature-map size and
channel depth along the down-sampling path used for fluorescence LFA line segmentation. Reprinted with permission from ref. 240. Copyright 2024,
Royal Society of Chemistry. (C) Performance of dual-mode CR-SERS LFA for deoxynivalenol (DON) detection. (a) Visual CR-LFA responses for DON
concentrations 0, 0.1, 0.3, 0.6, 1.2, 3, 6, 9, 12, 24, 30, and 50 ng mL�1 (samples 1–12, respectively) and (d) corresponding SERS-LFA responses. Calibration
curves obtained from (b) CR-LFA and (e) SERS-LFA channels; (c) specificity assessment of CR-LFA against potential interferents; (f) representative Raman
spectra acquired from RASP-based SERS-LFA strips. Reprinted with permission from ref. 241. Copyright 2025, American Chemical Society.
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networks (ANNs) and hybrid CNN-RF architectures can jointly
process image, spectral, and numerical inputs to perform
simultaneous classification and concentration regression. In
a dual-mode colourimetric–SERS LFA, Sun et al.241 embedded
both modalities into an ANN framework and achieved an R2

of 0.993 and accuracy of 98.8%, thus realising a sensitivity
B37-fold higher than that of conventional colourimetric LFAs
(Fig. 15B). Wang et al.235 combined ultrasound-assisted enrich-
ment with ML analysis to reach sub-picogram sensitivity for tau
proteins in an enhanced colourimetric LFA, illustrating how
physical preconcentration and computational learning syner-
gistically amplify detection capabilities (Fig. 15C).

Beyond straightforward data fusion, AI models uncover
correlations across physical domains, such as linking subtle
spectral shifts to changes in colourimetric contrast or fluores-
cence decay kinetics, whereas attention-based multimodal net-
works dynamically weight the most informative channels to
improve robustness. These computational strategies constitute
the core intelligence layer of multi-mode LFAs, transforming

heterogeneous raw sensor outputs into coherent, reliable
diagnostic insights suitable for high-performance POCT
applications.178,235,236,241,242

Despite these advancements, a formidable challenge in
transitioning multimodal LFA systems to real-world clinical
environments is the emergence of signal discrepancies across
disparate detection channels. Such inconsistencies—for
instance, where a sample yields an ambiguous visual absor-
bance signal despite a robust SERS peak—are often sympto-
matic of physical perturbations such as localized membrane
heterogeneity or stochastic non-specific binding. In these sce-
narios, a decision-level fusion strategy is prioritized over rudi-
mentary data concatenation; this approach entails performing
independent categorical assessments for each sensing modality
followed by a high-level reconciliation step.248,249 A representa-
tive implementation is the hepatocellular carcinoma diagnostic
framework developed by Cheng et al., which utilized a
differential weighting scheme (approximately 7 : 3) for digital
and molecular biomarkers, respectively. By assigning these

Fig. 15 (A) Implementation process of transfer learning. Pre-trained neural network models, which have already consumed substantial computational
resources and learned rich visual feature representations from large image datasets, are fine-tuned on LFA images so that their learned ‘‘skills’’ are
efficiently adapted to related diagnostic tasks. Compared with training models from randomly initialised weights, this transfer learning strategy notably
accelerates convergence and simplifies optimisation while maintaining high performance. Reprinted with permission from ref. 236. Copyright 2023,
Elsevier. (B) Application of classical ML and ANN models for the dual-mode LFA of DON. (a) Confusion matrix of the KNN classifier at different DON
contamination levels; (b) Bland–Altman plot comparing predicted and reference DON concentrations from ANN outputs; (c) signal response curve
showing the relationship between ANN-predicted and original concentrations; (d) schematic of the ANN architecture developed to predict quantitative
results from dual-mode LFA signals. Reprinted with permission from ref. 241. Copyright 2025, American Chemical Society. (C) Use of KNN and Gaussian
process regression (GPR) models for tau protein analysis in PBS samples. (a) KNN confusion matrix for classification of tau concentrations into discrete
classes; (b) Bland–Altman plot comparing GPR-predicted and true tau protein concentrations; (c) signal response curve comparing GPR predictions with
reference values; (d) linear correlation between analyte concentration and colourimetric intensity for tau proteins in the 0–0.4 ng mL�1 range (n = 3)
demonstrating the feasibility of regression-based quantification. Reprinted with permission from ref. 235. Copyright 2024, Wiley-VCH.
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weighted priorities, the model effectively insulated the global
diagnostic output from the interference of single-channel
noise.248

Building upon such static models, recent architectures have
begun incorporating attention mechanisms to dynamically
recalibrate these weights based on real-time signal quality,
further enhancing the system’s robustness against single-
channel noise. Complementing these structural fusion
methods, the integration of uncertainty quantification (UQ)
protocols significantly enhances diagnostic fidelity by enabling
the system to autonomously evaluate its ‘‘inferential confi-
dence’’ when faced with labile or incomplete signal
sets.250,251 Tang and Shen demonstrated this through a model
based on predictive entropy, which is capable of detecting high-
uncertainty states in real-time. Upon detection, the system
triggers compensatory algorithms—such as Kalman filtering
or majority voting protocols—to refine the output.250 By effec-
tively converging inherent physical variabilities into a mathe-
matically grounded consensus, these logical frameworks
facilitate the transition from raw, often conflicting analytical
data to clinically rigorous and reliable decision-making in POC
settings.

3.1.3. System automation and standardisation. As AI-
assisted LFAs evolve from research prototypes into practical
diagnostic platforms, automation and standardisation become
critical to achieving clinical reliability and reproducibility.
Within the SMEDI framework, the interpretation stage bridges
computational inference and human decision-making through
feedback loops, self-calibration, and explainable AI (XAI).244–247

A major avenue of progress is edge-AI automation, where
inference occurs directly on smartphones or embedded devices
without reliance on external servers. Smartphone-integrated
platforms such as TiraSpot244,245 exemplify this principle.
Through automated lighting correction, region-of-interest
detection, and intensity quantification, the system achieved
over 97% concordance with laboratory readers while operating
entirely off-line. Zang et al.246 developed a cross-device normal-
isation framework utilising the Segment Anything Model for
robust image segmentation and attained consistent perfor-
mance across nine smartphone models. These developments
represent a critical milestone of establishing universally deploy-
able self-standardising diagnostic platforms.

Federated learning enables continuous model optimisation
across diverse datasets while preserving patient privacy. Local
devices perform on-site training and share model parameters
(and not raw data) with a centralised aggregator to yield global
updates. This architecture not only accelerates model evolution
but also supports geographically adaptive calibration, thereby
connecting high-end laboratories with low-resource field
settings.247 Automation must operate alongside standardisa-
tion protocols that harmonise optical, chemical, and computa-
tional variability. Techniques such as grey-world and white-
patch normalisation correct illumination inconsistencies,232,246

while Bayesian-regularised neural networks provide uncertainty
quantification, improving interpretability and robustness.
Cloud integration further facilitates real-time epidemiological

mapping, cross-laboratory harmonization, and regulatory
traceability.247 These combined advancements ensure analyti-
cal consistency across time, geography, and operator expertise.

Although multimodal XAI research tailored for LFAs is in its
infancy, the field is increasingly leveraging established techni-
ques validated in medical imaging to surmount the ‘‘black-box’’
opacity inherent in deep learning models. The integration of
these XAI frameworks is a quintessential prerequisite for
‘‘interpretable diagnostics’’ within intelligent LFA platforms.
This transition from purely predictive to transparent modeling
is fundamental to bolstering clinical trust and ensuring the
accuracy of POCT.252,253

Among the most prominent architectures, Gradient-
weighted Class Activation Mapping (Grad-CAM) and saliency-
based techniques—extensively validated in X-ray and MRI—are
being adapted to provide spatial transparency. These methods
generate diagnostic heatmaps that allow clinicians to verify
whether the model’s heuristic attention aligns with relevant
biochemical features, such as the distinct signal intensities of
test and control lines, rather than being confounded by back-
ground noise or substrate interference.254 Complementing
these spatial insights, SHapley Additive exPlanations (SHAP)
and local interpretable model-agnostic explanations (LIME)
facilitate a granular understanding of the decision-making
process. SHAP, rooted in cooperative game theory, enables
the rigorous quantification of each input feature’s contribu-
tion—from biomarker concentrations to environmental varia-
bles—elucidating their global and local influence on the final
output. Concurrently, LIME utilizes local surrogate modeling to
decipher the rationale behind individual classifications, ensur-
ing that each POCT result is not only numerically accurate but
clinically justifiable.255,256

Ultimately, the convergence of automation and standardisa-
tion redefines the POC concept. LFAs are no longer static
diagnostic tools but autonomous, self-learning biosensing sys-
tems capable of continuous adaptation. Coupled with explain-
able AI and connected infrastructures, this stage completes the
SMEDI intelligence loop, transforming LFAs into active, adap-
tive, and cloud-connected diagnostic ecosystems for large-scale
healthcare deployment.178,235,244–247

3.2. Smartphone-based objective and quantitative signal
readout

Conventional LFA systems heavily rely on the subjective visual
interpretation of T- and C-lines, which renders results sensitive
to ambient lighting, individual visual acuity, and operator
experience and thus limits analytical accuracy. Smartphone-
based readers address these issues by converting line intensi-
ties into digital signals using standardised imaging and com-
putational analysis, which improves reproducibility and
enables the detection of weak positives difficult to distinguish
by the naked eyes. Smartphones are not only ubiquitous com-
munication tools but also integrated analytical platforms that
combine high-performance processors, large storage capacity,
high-resolution cameras, and connectivity modules such as
global positioning system (GPS), Bluetooth, Wi-Fi, near-field
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communication (NFC), and 3G/4G/5G. In addition, built-in
light, proximity, infrared, and motion sensors, together with
the support of operating systems such as Android, iOS, and (to
a lesser extent) Windows, enable the development of custo-
mised, user-friendly applications for image capture, on-device
analysis, secure storage, and wireless transmission and thus
make anytime, anywhere POCT technically feasible.

3.2.1. Smartphone-based universal detection platform. In
smartphone-based LFA workflows, the reacted strip is posi-
tioned under the camera for imaging, and the acquired images
are analysed using general-purpose software such as ImageJ or
Photoshop34,72,257 or bespoke mobile applications designed for
automated line detection and quantification.258–260 For quanti-
tative analysis, consistent illumination and fixed camera geo-
metry are essential; variations in light intensity, distance, or
angle can introduce substantial errors in the estimated analyte
concentration. To mitigate these sources of variability, 3D
printed accessories that enclose the strip, fix the strip-
camera distance, and provide controlled illumination have
become a preferred strategy for low-interference reproducible
assays.260–263 Cheng et al.262 synthesised mesoporous Pd@Pt
NPs as nanozyme signal amplifiers for a colourimetric dual-
mode LFA, integrating the assay with a smartphone-based
reader equipped with a 3D printed holder that used black
PLA to minimise light leakage and white PLA to optimise
internal reflection and thus enabling simultaneous detection

of Salmonella. enteritidis and E. coli O157:H7 in food samples.
In this system, test-strip images were acquired by the smart-
phone and processed using ImageJ. LOD of B20 CFU mL�1 and
34 CFU mL�1 were obtained for S. enteritidis and E. coli
O157:H7, respectively, and the recovery rates were suitable for
practical food safety monitoring.

Beyond colourimetric signals, smartphone platforms can
capture and analyse photothermal, fluorescence, SERS, electro-
chemical, and other transduction modes to enhance sensitivity
and multiplexing (Fig. 16).72,141,146,176,181,257,264–266 Atta et al.72

reported a colourimetric–photothermal dual-mode LFA based
on Au nanocages for highly sensitive influenza A virus detec-
tion, integrating a compact laser, 3D printed housing, an LFA
strip, smartphone, and smartphone-compatible thermal ima-
ger into a portable photothermal platform that maintained
high sensitivity and stability for spiked saliva samples over
several months (Fig. 16A). For fluorescent readouts, Wang
et al.265 developed a highly sensitive ratiometric fluorescent
LFA for detecting heart-type fatty acid-binding protein. To
enable portable and accurate quantitative analysis, they
designed a compact smart device comprising a 3D-printed
attachment integrated with a smartphone (Fig. 16B). The LED
excitation light (365 nm) passes through a band-pass filter and
is directed at a 451 angle onto the test zone of the LFA strip. The
emitted fluorescence is subsequently filtered through a 500 nm
long-pass filter to suppress background noise before being

Fig. 16 (A) Smartphone-based photothermal LFA reader integrating a portable laser, LFA strip, and smartphone-mounted thermal imager for
quantitative temperature mapping of the test zone. Reprinted with permission from ref. 72. Copyright 2025, American Chemical Society. (B) Schematic
illustration of a smartphone-based portable fluorescence reader employing dedicated excitation, optical filtering, and collection optics to enhance
lateral-flow fluorescence detection sensitivity. Reprinted with permission from ref. 265. Copyright 2025, Wiley-VCH (C) Smartphone-integrated Raman
system in which an external miniaturized Raman module and on-phone spectrometer enable SERS-based readout on paper or LFA substrates. Reprinted
with permission from ref. 266. Copyright 2019, IEEE. (D) Simplified mobile electrochemical LFA platform combining a screen-printed electrode-based
strip with a compact potentiostat interfaced to a smartphone for label-free or labelled electrochemical signal measurement. Reprinted with permission
from ref. 146. Copyright 2023, American Chemical Society.
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captured by the smartphone’s CMOS image sensor. The hue
and RGB values are then extracted from the recorded images
using an application named Colour Picker.

Moreover, as SERS detection typically requires a precision
Raman spectrometer, Mu et al.266 developed a miniaturised,
high-sensitivity Raman detection system optimised for smart-
phone integration (Fig. 16C). The design employs fixed-focal-
length lenses, bulk phase gratings, and direct slit coupling
technology to improve resolution and signal sensitivity while
reducing system size. A cloud-based network architecture,
established via the smartphone’s wireless communication
interface, enables rapid on-site identification of substances
and big-data analysis, thereby fulfilling field-testing require-
ments in complex environments. Electrochemical coupling
further expands smartphone readout capabilities. Zhang
et al.181 developed a smartphone-based e/v-LFA dual-readout
POCT strategy for methicillin-resistant S. aureus (MRSA), incor-
porating a screen-printed carbon electrode beneath an NC
membrane to transduce binding events into electrical signals
while simultaneously quantifying colour changes via smart-
phone RGB analysis in a black box. In this dual-mode configu-
ration, a portable electrochemical workstation relayed current
signals to the smartphone, enabling accurate, sensitive, and
portable MRSA detection in real samples. Nandhakumar
et al.146 developed a simplified smartphone-based electroche-
mical LFA (eLFA) strip for insulin detection by integrating
electron-transferring reactions with signal amplification
directly onto the LFA strip (Fig. 16D). For portable and user-
friendly operation, the eLFA strip was enclosed in a custom-
fabricated plastic case designed to ensure precise strip-
electrode alignment and mechanical stability during measure-
ment. This streamlined casing design enables consistent elec-
trical contact, minimises user-dependent variability, and
demonstrates the feasibility of decentralised, smartphone-
integrated electrochemical LFA systems. Collectively, these
examples highlights the smartphone’s potential to act as a
universal hardware interface—standardising signal acquisition
across colourimetric, photothermal, and electrochemical mod-
alities—and bridging physical test strips with digital analytical
frameworks.

3.2.2. Innovative readouts leveraging native smartphone
hardware. Beyond serving as a passive camera, smartphones
offer unique native sensors that can be repurposed for innova-
tive, simplified detection schemes. A prominent example is the
ambient light sensor (ALS). By functioning as a direct photo-
meter, the ALS bypasses the inconsistencies inherent to
camera-based methods—such as variations in colour balance,
exposure, and resolution across different devices and imaging
conditions.267–270 This principle is effectively demonstrated in
the work of Xiao et al.,268 who developed an intelligent ALS-
based readout system for the quantitative detection of cad-
mium ions, clenbuterol, and porcine epidemic diarrheal virus
using colloidal Au LFAs. Their system integrates a smartphone
with a custom 3D printed accessory containing an LED light
source, electronic components, and a cartridge for the test
strip. The detection mechanism is straightforward: when target

analytes bind to AuNPs on the test line, the resulting colour
development reduces light transmission through the NC
membrane. The accessory’s LED illuminates the strip at a
specific wavelength, and the smartphone’s ALS directly mea-
sures the attenuated transmitted light intensity. This approach
yielded results in strong agreement with conventional image
analysis and offered superior operational simplicity, lower cost,
and enhanced portability. In another similar work, Huang
et al.270 employed the smartphone ALS in a miniaturised
paper-based biosensor to distinguish between wild-type pseu-
dorabies virus infection and vaccine-induced immunity. These
examples underscore the ALS’s utility as a robust, low-
complexity tool for converting biochemical binding events into
reproducible digital signals, paving the way for truly hardware-
simplified POC devices. Other embedded features extend func-
tionality further. NFC technology enables wireless power and
data transfer, allowing the development of label-free, disposa-
ble electrochemical LFAs that communicate directly with a
smartphone application. This facilitates truly portable,
reagent-free electronic detection.

Furthermore, GPS and data connectivity functions enable
geo-tagging of tests and immediate sharing of results, adding
layers of epidemiological and telemedical utility to the basic
diagnostic act. Yentongchai et al.271 employed NFC technology
to develop a label-free electrochemical LFAs for S. typhimurium
detection. By combining NFC as a potentiometric interface, the
proposed sensor enables seamless data transmission to smart-
phones, and the electrochemical sensitivity was effectively
integrated with a user-friendly, field-deployable diagnostic sys-
tem, facilitating portable wireless signal acquisition and real-
time on-site analysis. Gonzalez-Macia et al.272 also used the
NFC-enabled potentiostat to achieve the electrochemical detec-
tion of maize mosaic virus. In addition, Brangel et al.273

proposed an on-site testing device composed of LFA strips
and a smartphone reader. This platform used a specially
developed smartphone application to enable rapid and porta-
ble testing, data storage and sharing, and the geo-tagging of
tested individuals in Uganda. The system held significant
potential as an on-site tool for diagnosis, vaccine development
and treatment evaluation.

3.2.3. Towards autonomous analysis: embedded AI in
smartphone-based detection. The ultimate expression of the
smartphone’s role is the deep integration of AI directly into the
POC device. Here, the smartphone transitions from a data
acquisition tool to a self-contained analytical system. Light-
weight AI models, such as CNNs, can be embedded within
smartphone applications to perform real-time, on-device ana-
lysis. Integrating artificial intelligence into smartphone-
based LFAs enables smarter algorithms within application
software. This facilitates the identification of invalid tests,274

effectively minimises error interference,275 compensates for
environmental interference,276 simplifies device accessory
configurations,231 automates test result processing,277 and
increases data processing throughput,278 thus achieving more
efficient, accurate, and robust detection. Mendels et al.274

developed a smartphone application based on machine
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learning technology to classify SARS-CoV-2 serological rapid
diagnostic test results and reduce reading ambiguity. Utilising
ANN technology, this app was designed to analyse test results
by standardising readings, identifying consistency between
outputs, and enabling traceability, ultimately providing clearer
diagnostics. By replacing the uncertainty inherent in interpret-
ing visual rapid diagnostic tests with the reduced uncertainty of
an image classifier, this app increased confidence among
clinicians and laboratory staff when using rapid diagnostic
tests, while also creating opportunities for patient self-testing.
In another work, Lee et al.231 presented a deep learning-assisted
smartphone-based LFA system incorporating a two-step CNN
model (object detection and classification). This system deli-
vers efficient and accurate outputs, proving suitable for diverse
environments without external holders, thereby achieving more
precise cradle-free on-site detection than untrained individuals
or human experts.

This synergistic integration of standardized hardware acqui-
sition and embedded intelligent software represents a transfor-
mative leap, enabling a digital, interconnected POCT platform
that delivers laboratory-grade analysis in a ubiquitous, low-cost
form factor. This development signifies a substantial advance-
ment for personalised medicine and telemedicine, by enabling
professional-grade testing in households worldwide, opening a
promising avenue within smart healthcare.244,279,280

3.3. Telemedicine and IoT integration

The deep integration of telemedicine and IoT has accelerated
the evolution of LFA technology toward intelligent, intercon-
nected diagnostic platforms. The IoT enables real-time com-
munication and data exchange across distributed device
networks,266,281 and its healthcare implementation—often

termed the Internet of Medical Things (IoMT)—provides
the core infrastructure for smart LFA systems by supporting
multidimensional data acquisition, analysis, and remote
supervision.282 Modern intelligent LFA platforms exploit
cloud-based architectures and mobile communication technol-
ogies such as Bluetooth and 4G/5G to offload computationally
intensive tasks to remote servers. This approach not only
improves analytical accuracy and scalability but also allows
users in resource-constrained or geographically isolated
regions to access reliable diagnostic support without depen-
dence on centralised laboratories. IoT-enabled LFA systems
also support continuous health monitoring and dynamic data
integration.283 Patients can track test results and engage in
teleconsultations via mobile applications, while public health
authorities and healthcare institutions can utilise aggregated
anonymised cloud data to build predictive models and design
targeted intervention strategies.284 This approachreduces the
need for frequent in-person contact between patients and
clinicians and enhances the overall responsiveness and sys-
temic efficiency of healthcare services.

Bayin et al.153 developed an LFA platform based on super-
paramagnetic NPs and giant magnetoresistance sensing for the
rapid, quantitative, and simultaneous detection of anti-SARS-
CoV-2 IgM and IgG, integrating IoMT connectivity to enable
result transmission via Bluetooth to a smartphone application
and remote sharing with healthcare centres. Guo et al.285

reported a fluorescence LFA sensor for quantitative C-reactive
protein detection using mesoporous silica-coated UNCPs
(UCNPs@mSiO2), which was further integrated with
Bluetooth-enabled smartphones and cloud services to achieve
suitability for IoT scenarios (Fig. 17A). This fluorescent sensing
platform was subsequently combined with 5G communication

Fig. 17 (A) Schematic of the UCNP-LFA-based Internet od Medical Things platform for human C-reactive protein quantification in which a portable
fluorescence reader acquires LFA signals and transmits processed results via Bluetooth to a smartphone application, enabling cloud connectivity and
remote clinical access. Reprinted with permission from ref. 285. Copyright 2023, American Chemical Society. (B) Conceptual architecture of the 5G-
enabled Internet of Medical Things illustrating the layered integration of wearable and POC sensors, edge/fog computing nodes, and 5G cloud
infrastructure to support ultra-low-latency high-reliability transmission, large-scale data analytics, and proactive telemedicine services. Reprinted with
permission from ref. 286. Copyright 2021, Elsevier.
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to achieve the highly sensitive quantitative detection of SARS-
CoV-2 spike and nucleocapsid proteins together with remote
medical monitoring (Fig. 17B).286 The compact hardware incor-
porated Bluetooth and 5G modules to stream data in real time
to fog-computing nodes and cloud servers, where embedded
fuzzy logic and deep learning algorithms provide intelligent
result interpretation and early-warning functions. These IoMT-
enabled solutions show great potential for the early diagnosis,
proactive alerting, and intelligent prevention and control of
COVID-19 and other infectious diseases, while greatly simplify-
ing the remote review of infection history, treatment planning,
and epidemiological surveillance by medical staff.

4. Conclusions and future
perspectives: towards next-generation
intelligent and synergistic LFAs

This review systematically traces the evolution of LFAs from
simple qualitative POCTs to sophisticated, intelligent, and
multi-modal diagnostic platforms. Central to this transforma-
tion is the advent of MMNPs, whose intrinsic compositional
and structural complexities endow them with functionalities
that remain unattainable with conventional single-component
nanomaterials.

Importantly, this review delineates two fundamentally dis-
tinct paradigms of multi-modal LFAs: (i) systems in which a
single nanostructured probe intrinsically generates multiple,
orthogonal signals, and (ii) systems that achieve multi-signal
output through the parallel use of different tags or detection
modalities. While both approaches strengthen diagnostic relia-
bility, the unique merit of MMNPs lies primarily in the former.
By synergistically integrating plasmonic, catalytic, magnetic,
photothermal, and electronic properties within a single parti-
cle, MMNPs enable the simultaneous production of cross-
validating signals—such as colourimetric, fluorescence, SERS,
photothermal, and magnetic responses—from a unified sen-
sing interface. This intrinsic multi-signal capability broadens
the dynamic range, enhances resilience against environmental
and operational fluctuations, and fortifies analytical robust-
ness, thereby fulfilling key criteria of POC diagnostics: speed,
reliability, and accuracy.

Building on these material-level innovations, LFA architec-
tures have progressed beyond conventional multi-line formats
toward microarray-based and spatially multiplexed configura-
tions, enabling the simultaneous detection of multiple biomar-
kers from a single specimen. This evolution marks a conceptual
transition from single-pathogen or single-analyte testing to
comprehensive health assessment. In parallel, the integration
of AI and digital connectivity has addressed long-standing
challenges in signal interpretation and result standardisation.
ML algorithms now enable automated image recognition,
multi-signal fusion, and high-throughput data processing,
while smartphones serve as ubiquitous computational inter-
faces that bridge physical assays with cloud-based and IoT-
enabled healthcare networks. Consequently, LFAs have been

transformed from passive diagnostic strips into active,
network-connected analytical nodes that facilitate real-time
monitoring, remote diagnostics, and data-driven clinical
decision-making.

Despite this rapid progress, several critical challenges must
be overcome to fully realise next-generation intelligent LFAs.

1. Design-on-demand synthesis of multi-functional nanoma-
terials. Despite the enormous potential and multi-modal func-
tionalities of MMNPs in LFAs, their synthesis remains time-
consuming, labour-intensive, and technically demanding.
These preparations typically involve complex multi-step opera-
tions requiring precise control of temperature, reagents, and
capping agents. In practical applications, batch-to-batch varia-
tions in size, morphology, and composition can undermine
analytical consistency. Furthermore, the dependence on pre-
cious metals and intricate synthesis routes raises overall pro-
duction costs, while the long-term stability of MMNPs under
various storage conditions requires rigorous evaluation. Brid-
ging the gap between milligram-scale laboratory synthesis and
kilogram-scale industrial production remains a major bottle-
neck. To address this, future MMNPs should be designed with
enhanced structural precision, reproducibility, and scalable
manufacturability. The development of continuous-flow micro-
fluidic synthesis reactors integrated with real-time quality con-
trol modules will be pivotal for ensuring uniformity in particle
size, shape, and surface functionality at commercial scale. In
parallel, integrating computational modelling and AI-assisted
simulation offers a route toward data-driven nanomaterial
design, moving beyond traditional trial-and-error synthesis.
Closed-loop workflows interlinking AI prediction, targeted
synthesis, and performance validation will be essential to tailor
MMNPs for specific diagnostic applications.

2. Integration of fully automated and user-centric systems.
To achieve genuine sample-in–result-out functionality, LFA
systems should incorporate sample preparation, reagent sto-
rage, and integrated multi-modal microfluidic readout inter-
faces within a single, compact device. Low-power, portable
readers capable of synchronous multi-signal acquisition will
enable intuitive, one-touch operation, delivering laboratory-
quality diagnostics in home, primary-care, and resource-
limited environments.

3. Clinical translation and multi-mode data integration.
While current AI applications primarily focus on image proces-
sing and signal extraction, future platforms must exploit
multi-dimensional data fusion for clinical decision support.
Harmonising heterogeneous signals—optical, electrical, and
magnetic—through advanced weighting and conflict-resolution
algorithms will be crucial for converting multi-modal measure-
ments into actionable clinical insights. Furthermore, moving
beyond ’black-box’ algorithms toward explainable AI is imperative
to gain clinician trust, ensuring that AI-driven diagnostic scores are
transparent, interpretable, and biologically valid.

4. Standardisation and commercialisation frameworks. Suc-
cessful translation from laboratory research to clinical imple-
mentation requires standardised protocols spanning the entire
innovation pipeline, incorporating reference color charts and
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cross-device calibration algorithms to mitigate data distortion
from environmental and hardware variability. To bolster engi-
neering reliability, multi-dimensional metrics such as
F1-scores and explainable AI must be integrated to ensure
diagnostic precision and operational transparency. Establish-
ing these technical standards is indispensable for verifying
reproducibility through multi-centre clinical trials, thereby
laying the foundation for regulatory approval and large-scale
commercialization.

In summary, the synergistic integration of MMNPs and
intelligent computation is driving a paradigm shift in LFA
technology—from single-mode to intrinsically multi-modal
sensing, from subjective interpretation to data-driven
decision-making, and from isolated strips to interconnected
diagnostic networks. Next-generation LFAs are poised to trans-
cend conventional limitations, emerging as high-performance,
globally accessible, and analytically robust platforms that
advance precision medicine, democratize advanced healthcare
diagnostics, and bolster global public health infrastructure.

Conflicts of interest

There are no conflicts to declare.

Data availability

This review does not include any primary research results,
software, or code, and no new data were generated or analysed
as part of this work.

Acknowledgements

This study was supported by the Natural Scientific Foundation
of Shandong (grant numbers ZR2022JQ07 and ZR2025ZD25),
the National Natural Science Foundation of China (grant
number 22476214), the Key Project of Qingdao Natural
Scientific Foundation (grant number 24-8-4-zrjj-9-jch), the
National Research Foundation of Korea (grant numbers
2020R1A5A1018052, RS-2024-00352256, RS-2024-00339674 and
RS-2025-02213941), the Technology Innovation Program (grant
number RS-2024-00432382) funded by the Ministry of Trade,
Industry, and Energy (MOTIE, Korea), and the Regional Innova-
tion System & Education (RISE) through the Seoul RISE Centre,
funded by the Ministry of Education (MOE) and the Seoul
Metropolitan Government (grant number 2026-RISE-01-024-
05).

References

1 G.-R. Han, A. Goncharov, M. Eryilmaz, S. Ye, B. Palani-
samy, R. Ghosh, F. Lisi, E. Rogers, D. Guzman, D. Yigci,
S. Tasoglu, D. Di Carlo, K. Goda, R. A. McKendry and
A. Ozcan, Nat. Commun., 2025, 16, 3165.

2 S. Lee, L. Bi, H. Chen, D. Lin, R. Mei, Y. Wu, L. Chen,
S.-W. Joo and J. Choo, Chem. Soc. Rev., 2023, 52, 8500–8530.

3 D. C. Christodouleas, B. Kaur and P. Chorti, ACS Cent. Sci.,
2018, 4, 1600–1616.

4 H. R. Boehringer and B. J. O’Farrell, Clin. Chem., 2021, 68,
52–58.

5 T. Hall, S. Gulati, R. Sang, Z. Jia, F. McKinnirey, G. Vesey,
E. Goldys and F. Deng, TrAC, Trends Anal. Chem., 2025,
189, 118275.

6 S. Lee, H. Dang, J.-I. Moon, K. Kim, Y. Joung, S. Park, Q. Yu,
J. Chen, M. Lu, L. Chen, S.-W. Joo and J. Choo, Chem. Soc.
Rev., 2024, 53, 5394–5427.

7 H. He, B. Liu, S. Wen, J. Liao, G. Lin, J. Zhou and D. Jin,
Anal. Chem., 2018, 90, 12356–12360.

8 J. Li, Y. Liu, T. Wu, Z. Xiao, J. Du, H. Liang, C. Zhou and
J. Zhou, Nat. Commun., 2024, 15, 5603.

9 E. B. Bahadır and M. K. Sezgintürk, TrAC, Trends Anal.
Chem., 2016, 82, 286–306.

10 Y. Cheng, Y. Li, J. Tian, L. Zhao, Q. Li, B. Li, J. Wang,
D. Zhang and I. A. Darwish, Biosens. Bioelectron., 2026,
296, 118368.

11 Y.-L. Ye, Y. Zhang, J. Cao, J. Zhou, L.-F. Yu, L.-X. Yan, Y.-W.
Feng and X.-D. Huang, Biosens. Bioelectron., 2026, 297, 118373.

12 X. Wang, N. Choi, Z. Cheng, J. Ko, L. Chen and J. Choo,
Anal. Chem., 2017, 89, 1163–1169.

13 X. Fu, Z. Cheng, J. Yu, P. Choo, L. Chen and J. Choo,
Biosens. Bioelectron., 2016, 78, 530–537.

14 E. Sarathkumar and R. S. Jayasree, TrAC, Trends Anal.
Chem., 2025, 193, 118478.

15 Y. Wang, M. Wang, J. Cui and H. Zhang, Trends Food Sci.
Technol., 2025, 163, 105180.

16 H. Tong, C. Cao, M. You, S. Han, Z. Liu, Y. Xiao, W. He,
C. Liu, P. Peng, Z. Xue, Y. Gong, C. Yao and F. Xu, Biosens.
Bioelectron., 2022, 213, 114449.

17 J. Du, C. Cao, Z. Xue, W. Wang, X. Lu, Y. Wei, J. Huang,
L. Zhao, L. Wang, F. Xu, C. Yao, T. Wen and M. You, Anal.
Chem., 2025, 97, 24196–24208.

18 A. D. Beggs, C. C. S. Caiado, M. Branigan, P. Lewis-Borman,
N. Patel, T. Fowler, A. Dijkstra, P. Chudzik, P. Yousefi,
A. Javer, B. Van Meurs, L. Tarassenko, B. Irving, C. Whalley,
N. Lal, H. Robbins, E. Leung, L. Lee and R. Banathy, Cell
Rep. Med., 2022, 3, 100784.

19 H. Ma, L. Hu, F. Ding, J. Liu, J. Su, K. Tu, J. Peng, W. Lan
and L. Pan, Biosens. Bioelectron., 2024, 263, 116577.

20 T. Phan-Xuan, S. Schweidler, S. Hirte, M. Schüller, L. Lin,
A. Khandelwal, K. Wang, J. Schützke, M. Reischl, C. Kübel,
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Panizo, A. Mousa, E. Dacal, L. Lin, A. Vladimirov, D.
Cuadrado, J. Mateos-Nozal, J. C. Galán, B. Romero-
Hernandez, R. Cantón, M. Luengo-Oroz and M. Rodriguez-
Dominguez, JMIR Public Health Surveill., 2022, 8, e38533.

280 S. Kumar, T. Ko, Y. Chae, Y. Jang, I. Lee, A. Lee, S. Shin,
M. H. Nam, B. S. Kim, H. S. Jun and S. Seo, Biosensors,
2023, 13, 623.

281 P. P. Ray, J. King Saud Univ. Comput. Inf. Sci., 2018, 30,
291–319.

282 R. M. L. Gulraiz, J. Joyia, A. Farooq and S. Rehman,
J. Commun., 2017, 12, 240–247.

283 S. Li, L. D. Xu and S. Zhao, J. Ind. Inf. Integr., 2018, 10, 1–9.
284 S.-m Park, D. D. Won, B. J. Lee, D. Escobedo, A. Esteva,

A. Aalipour, T. J. Ge, J. H. Kim, S. Suh, E. H. Choi,
A. X. Lozano, C. Yao, S. Bodapati, F. B. Achterberg,
J. Kim, H. Park, Y. Choi, W. J. Kim, J. H. Yu, A. M. Bhatt,
J. K. Lee, R. Spitler, S. X. Wang and S. S. Gambhir, Nat.
Biomed. Eng., 2020, 4, 624–635.

285 J. Guo, S. Chen, S. Tian, K. Liu, X. Ma and J. Guo, Talanta,
2021, 230, 122335.

286 J. Guo, S. Chen, S. Tian, K. Liu, J. Ni, M. Zhao, Y. Kang,
X. Ma and J. Guo, Biosens. Bioelectron., 2021, 181, 113160.

Chem Soc Rev Review Article

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

7 
A

pr
il 

20
26

. D
ow

nl
oa

de
d 

on
 6

/1
6/

20
26

 9
:0

1:
08

 P
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n-

N
on

C
om

m
er

ci
al

 3
.0

 U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5cs00963d



