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Abstract

The integration of deep learning (DL) and nanozyme-based biosensing has emerged as
a transformative strategy for next-generation medical diagnostics. This review explores
how DL architectures enhance nanozyme design, functional optimization, and predictive
modeling by elucidating catalytic mechanisms such as dual-atom active sites and substrate-
surface interactions. Key applications include disease biomarker detection, medical imaging
enhancement, and point-of-care diagnostics aligned with the ASSURED criteria. In clinical
contexts, advances such as wearable biosensors and smart diagnostic platforms leverage
DL for real-time signal processing, pattern recognition, and adaptive decision-making.
Despite significant progress, challenges remain—particularly the need for standardized
biomedical datasets, improved model robustness across diverse populations, and the
clinical translation of artificial intelligence (Al)-enhanced nanozyme systems. Future
directions include integration with the Internet of Medical Things, personalized medicine
frameworks, and sustainable sensor development. The convergence of nanozymes and DL
offers unprecedented opportunities to advance intelligent biosensing and reshape precision
diagnostics in healthcare.

Keywords: nanozymes; deep learning; biosensing; smartphone-based detection; point-of-care
diagnostics

1. Introduction

Nanozyme-engineered nanomaterials—synthetic constructs that mimic the catalytic
activity of natural enzymes—have emerged as promising platforms for biosensing appli-
cations in recent years [1-3]. Compared to biological enzymes, nanozymes offer superior
chemical stability, lower production costs, and greater scalability, making them well suited
for point-of-care (POC) diagnostics and clinical testing [4-6]. Their distinctive physicochem-
ical properties, such as tunable surface chemistry, multivalent active sites, and resistance
to harsh conditions, further support their application in robust sensing across diverse
environments [7]. For clarity, although nanozymes are synthetic and not of biological
origin, this review adopts the conventional usage of the term “biosensor,” which refers to
platforms detecting biological targets irrespective of whether the recognition or catalytic
element is biological or synthetic [5,8,9]. Despite these advantages, the clinical translation
of nanozyme-based biosensors remains limited. Key challenges include an incomplete
understanding of nanozyme catalytic mechanisms at the atomic level, difficulty in tuning
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activity and substrate specificity, and the lack of standardized protocols for performance
optimization and validation [10].

Recent advances in artificial intelligence (Al), particularly deep learning (DL), offer
effective strategies to address these limitations. DL models, such as convolutional neu-
ral networks (CNNSs), can process large, complex spectroscopic, microscopic, and kinetic
datasets without manual feature extraction [11-16]. These models enable accurate predic-
tion of key kinetic parameters, including Michaelis—-Menten constants (Ky,) and maximum
reaction rates (Vmax), and can inform the rational design of nanozymes for specific sensing
applications [17-19].

Integrating DL with nanozyme-based biosensors has shown considerable promise in
medical diagnostics. Al-enhanced nanozyme platforms have achieved high sensitivity and
specificity in detecting clinically relevant biomarkers, such as nucleic acids, proteins, and
metabolites, associated with infectious diseases, cancer, and metabolic disorders [20-22].
These advancements support the development of portable and wearable biosensors capable
of real-time analysis, aligned with the World Health Organization’s ASSURED criteria
(Affordable, Sensitive, Specific, User-friendly, Rapid and robust, Equipment-free, and
Deliverable), and contribute to the advancement of personalized health monitoring [23,24].

Despite recent progress, several challenges persist. The lack of high-quality, standard-
ized datasets limits the reproducibility and generalizability of Al models in biological and
clinical contexts [25]. In addition, the scalability of DL-guided nanozyme synthesis and the
interpretability of model predictions remain open research questions. Overcoming these
barriers will require interdisciplinary collaboration among chemists, materials scientists,
computer scientists, and clinicians, along with a shared commitment to data sharing and
methodological standardization.

The convergence of Al-driven biosensors and nanozyme-enabled sensing is particu-
larly timely in the post-COVID-19 era. The pandemic not only exposed the limitations of
centralized laboratory testing but also accelerated the adoption of mobile health technolo-
gies, telemedicine, and Internet of Things (IoT)-based diagnostics. Within this shifting land-
scape, nanozyme-based biosensors offer low-cost, robust, and portable assays, while DL
models deployed on smartphones provide automated interpretation of complex biosensing
signals. Furthermore, IoT integration facilitates real-time data sharing for population-level
surveillance, early outbreak detection, and personalized health monitoring. Together, these
advances position DL-nanozyme biosensors as strategically aligned with global health-
care priorities, underscoring their potential to shape the future trajectory of decentralized
diagnostics [26,27].

In this regard, the present moment offers a particularly opportune time for synthesiz-
ing this field. On the nanozyme side, advances such as single- and dual-atom engineering,
defect modulation, and surface functionalization have markedly improved catalytic activ-
ity, selectivity, and stability. In parallel, DL architectures—including CNNs, YOLO, and
MobileNet—have demonstrated powerful capabilities in automated feature extraction,
real-time signal interpretation, and multiplexed data analysis. These two domains are now
converging, with several proof-of-concept demonstrations highlighting their combined
potential for intelligent biosensing. As such, a comprehensive review is timely to consol-
idate current knowledge, identify persisting challenges, and chart future directions for
DL-enhanced nanozyme-based biosensors.

2. Fundamentals of Nanozymes for Biosensing
2.1. Definition and Classification of Nanozymes

Nanozymes are a class of nanomaterials—typically 1-100 nm in size—that exhibit
intrinsic enzyme-like catalytic activity [10,28,29]. Unlike natural enzymes, which are
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protein-based and prone to denaturation under harsh conditions, nanozymes consist of in-
organic or hybrid organic-inorganic materials engineered to replicate the catalytic behavior
of enzymes such as peroxidases, oxidases, catalases, and superoxide dismutases [30]. Their
catalytic efficiency is driven by key physicochemical properties, including high surface-to-
volume ratios, tunable surface chemistries, and structural robustness, enabling function
under extreme pH, temperature, and proteolytic stress—conditions under which natural
enzymes typically lose activity [31-33].

Nanozymes are commonly classified by either their composition or the type of
enzyme activity they mimic [34]. Table 1 provides an overview of major nanozyme
categories, representative materials, associated enzyme-mimetic functions, and typical
application areas.

Table 1. Classification of nanozymes by composition and catalytic activity.

Typical Enzyme Representative
Category Subtypes/Examples Mimicry Key Features Applications
. . High catalytic activity, Colorimetric
Metal /Metal Oxide Fe304, Mn0,, CeO,, Peroxidase, Oxidase, redox cycling, biosensing, ROS
Au, Pt, Pd Catalase . . .
robust in harsh media modulation
Graphene, GO ¥, Tunable surface Electrochemical
Carbon-Based CNTs *, CQDs *, Peroxidase, Oxidase chemistry, high sensing, antibacterial
g-C3Ny conductivity agents
High porosity, modular =~ Multiplex biosensing,

MOF-545 *, ZIF-8,

MOF/COF-Based COF *TpPa Peroxidase, Oxidase structure, controllable environmental
p active sites sensing
Imidazole- .. .
functionalized Biomimetic In vivo detection, drug

Polymer/Organic Oxidase, Peroxidase microenvironment, low . ’

polymers, .. delivery

k toxicity
micelles

Single-/Dual-Atom
Nanozymes

Fe-Ny, Cu-N, Fe-Fe

Maximum atom
utilization, high
selectivity

Precision biosensors,

Peroxidase, Catalase
enzyme replacement

SANs*/DANs

* Abbreviations: GO, graphene oxide; CNTs, carbon nanotubes; CQDs, carbon quantum dots; MOF, metal-organic
framework; COF, covalent organic framework; SANs, single-atom nanozymes; DANSs, dual-atom nanozymes.

The most widely studied nanozymes are metal- and metal oxide-based, includ-
ing nanoparticles of noble metals (e.g., Au, Ag, Pt, and Pd), transition metal oxides
(e.g., Fe304, MNO;, CuO, CeO,, and Co30;4), and their bimetallic or alloyed derivatives
[35-37]. These materials typically exhibit peroxidase-, oxidase-, or catalase-like activities.
For instance, Fe3O4 nanoparticles mimic peroxidase activity by catalyzing the decom-
position of HyO,, whereas CeO, nanozymes demonstrate redox-dependent oxidase and
catalase activity [34-36,38-40].

Carbon-based nanozymes, such as graphene, graphene oxide, carbon nanotubes,
carbon quantum dots, and graphitic carbon nitride, offer high electronic conductivity and
tunable surface functionality, making them well suited for biosensing and electrocatalytic
applications [41-43].

With their high porosity, crystallinity, and modular architecture, metal-organic frame-
works (MOFs) and covalent organic frameworks have emerged as versatile platforms for
incorporating enzyme-mimetic sites [44—-46].

Polymeric and organic nanozymes, though less widely studied, have demonstrated
biomimetic activity by replicating features of native enzyme microenvironments—such
as hydrogen-bonding networks and hydrophobic domains—offering enhanced selectivity
and biocompatibility in biological matrices [47].
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Single-atom nanozymes (SANs) and dual-atom nanozymes (DANSs) represent a cutting-
edge direction in nanozyme design. In these systems, isolated metal atoms or metal pairs
are precisely anchored onto support surfaces, enabling high turnover frequencies, excep-
tional selectivity, and atomic-level control over active site architecture [48,49]. Figure 1
schematically illustrates the design strategies and functional classifications of nanozymes,
highlighting major composition-based categories, catalytic activities (e.g., peroxidase, oxi-
dase), and advanced engineering approaches such as heteroatom doping, defect creation,
and atomic-level modulation for biomedical applications.

Classification and Design Strategies of Nanozymes

Composition-Based Applications

". @ H,0, O, ROS ‘ &

/ ; Cancer
Point-of-care
Metal/ Carbon- 7 therapy

Metal Oxide Based Peroxidase r\\

Ot o o | L

Catalytic Activity

High stability .
. Catalase Environment Al-based
Organic SANs/DANs 4 Under pH sensing
~~—"  extremes

- Doping
- Defects }
- Facet engineering g

Atomic dispersion )
Active Site Atomic-Level

Engineering control

Figure 1. Overview of nanozyme types and design strategies. The figure illustrates composition-
based categories, representative catalytic activities, common applications, and active site engineer-
ing methods such as doping, defects, and atomic dispersion. Partially generated with ChatGPT
(OpenAl, 2025).

Recent advances in active site engineering—including heteroatom doping, defect
generation, and facet modulation—have significantly improved nanozyme performance
by enhancing substrate selectivity and reaction kinetics. These strategies aim to bridge
the specificity gap between nanozymes and natural enzymes. Increasing attention is
also being paid to biocompatibility and cytotoxicity, especially for in vivo applications.
Although many metal-based nanozymes offer good chemical stability, their long-term
fate, biodegradability, and potential accumulation in biological systems remain under
investigation. This has spurred interest in organic, carbon-based, and surface-modified
nanozymes as safer alternatives for clinical use.

While this review focuses on biosensing, nanozymes have also been explored in cancer
therapy (e.g., chemodynamic therapy), antimicrobial treatments, environmental pollutant
degradation, and reactive oxygen species (ROS) modulation, highlighting their broad
functional potential.

Finally, as nanozyme architectures grow increasingly complex, Al-driven methods—
particularly DL—provide a powerful data-driven framework to elucidate structure-activity
relationships and accelerate the rational design of nanozymes for biomedical applications.

2.2. Catalytic Mechanisms and Active Site Engineering

The exceptional catalytic efficiency of nanozymes, which mimic natural enzymes,
arises from their unique physicochemical properties at the nanoscale [50,51]. A compre-
hensive understanding of their underlying catalytic mechanisms is essential for rational
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design and performance optimization. Active site engineering offers a powerful strategy
to enhance nanozyme specificity, activity, and stability, thereby expanding their applica-
tion potential. The following sections examine the fundamental catalytic mechanisms
(Section 2.2.1) and key active site engineering strategies (Section 2.2.2), both critical to
advancing nanozyme-based biosensor performance.

2.2.1. Catalytic Mechanisms of Nanozymes

Nanozyme catalytic activity arises from a combination of nanoscale physicochemical
processes, including electron transfer, surface adsorption, redox cycling, and synergistic
interactions in hybrid systems [52-55] (Figure 2). While functionally analogous to the
mechanisms of natural enzymes, these processes are governed by distinct features—such
as surface properties, electronic structures, and nano-confinement effects—that critically
influence substrate binding and reaction kinetics.

Electron transfer

. Fe304
- Fenton-like reaction

Surface Redox Cycling
Adsorption - Fe¥*/Fe?*, Cu?*/Cu*

- Orientation - Facet effect
- Surface charge

Synergistic
Hybrid

C8. GQD + Metal NP

Enzyme-mimetic catalysis

Figure 2. Schematic of major catalytic mechanisms of nanozymes.

(1) Electron Transfer Reactions: Electron transfer is a primary catalytic mechanism
in many nanozymes, particularly those based on transition metal oxides (e.g., Fe304 and
MnO;) and noble metals (e.g., Au, Pt) [37,56-58]. For instance, Fe3O4 nanozymes catalyze
H0O; decomposition via a Fenton-like reaction, producing reactive hydroxyl radicals
(-OH) through redox cycling between Fe** and Fe?* [58]. Their high surface area and
abundance of active sites facilitate efficient electron exchange with substrates. Similarly,
noble metal nanozymes act as electron reservoirs, enabling charge redistribution and
lowering activation energy during catalytic transformations [59]. While electron transfer
underlies redox activity, catalytic efficiency also depends on the spatial proximity between
substrates and active sites.

(2) Surface Adsorption and Orientation: Nanozymes exhibit high surface-to-volume
ratios and tunable surface chemistries that facilitate efficient substrate adsorption and
favorable molecular orientation [60,61]. This spatial arrangement increases local substrate
concentration and aligns reactive groups in geometries conducive to catalysis. Surface
properties, such as charge, hydrophobicity, and functional group availability, strongly
influence binding affinity and reaction specificity. Alongside adsorption effects, redox
cycling supports sustained catalytic turnover by enabling continuous electron transfer
during the reaction process.

(3) Redox Cycling and Valence Modulation: In metal-based nanozymes, catalytic
activity is often driven by dynamic redox cycling, where metal ions (Fe3* /Fe?*, Cu*/Cu?")
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alternate between oxidation states to sustain continuous electron flow during catalytic
turnover [62-66]. The exposed crystal facets of nanozymes can stabilize specific va-
lence states, thereby modulating electron transfer kinetics and enhancing catalytic effi-
ciency. Moreover, incorporating complementary materials into hybrid nanozyme architec-
tures can further improve performance by introducing synergistic effects and broadening
functional capabilities.

(4) Synergistic Effects in Hybrid Nanozymes: Hybrid nanozymes—comprising multi-
ple nanomaterials such as graphene quantum dots combined with metal nanoparticles—
often exhibit synergistic effects that exceed the catalytic performance of individual compo-
nents [67-72]. In photoactive hybrids, for instance, light irradiation generates electron-hole
pairs in semiconductor domains, followed by charge transfer to metal sites, thereby en-
hancing redox activity. These synergistic interactions expand reaction pathways, improve
electron transport, and enable broader functional performance.

2.2.2. Active Site Engineering for Improved Performance

Active site engineering is a key strategy for precisely tuning the catalytic behavior
of nanozymes by manipulating their atomic and molecular environments [72-76]. Core
approaches include doping, defect formation, facet exposure, atomic dispersion, and surface
functionalization (summarized in Table 2). These strategies aim to narrow the performance
gap between artificial and natural enzymes by enhancing catalytic efficiency, substrate

selectivity, and operational stability.

Table 2. Active site engineering strategies for nanozymes.

Strategy Mechanism/Target Effects on Catalysis Reﬁi:ﬁz’:ve Applications
Surface Doping/ Introduction of Modifies electronic N-doped carbon ORR( OER
heteroatoms (e.g., N, P, structure; creates or catalysis, ROS
Elemental . ) . dots; S-doped CeO»; .
Substitution and S) into carbon or enhances active sites; P-doped MnO, scavenging,
metal oxide lattices tunes d-band center biosensing
Provides unsaturated Oxveen-deficient
Generation of OVs, coordination sites; y8 Peroxidase-like
Defect CeO,, MoS, .
. . edge defects, and enhances electron catalysis, HyO,
Engineering . : edge-defected .
dislocations transfer and sensing
nanosheets

adsorption

Facet Exposure

Synthesis-directed
exposure of specific

Alters surface atom
arrangement; modulates

Fe304 (111), CeOz

Selective biomarker

Control crystal planes (e.g., substrate binding and (100) diicéﬁzigs
{111}, {100}) reaction pathways
Isolated atoms or atom Maximizes atom
utilization; unique SANSs on graphene, Enzyme-mimetic

Single-/Dual-
Atom Dispersion

pairs anchored on
supports (e.g.,

reactivity due to

Pt-Fe DANs on

biosensors, drug

. ) i quantum and support N-doped carbon monitoring
Fe-Ny, Cu-N, Fe-Fe) interactions
Improves
. Attachment of biocompatibility; Ab-functionalized . Targete-d .
Surface ligands, polymers, enhances AU NANOZYVMES diagnostics, in vivo
Functionalization antibodies, or o Y ! sensing,
substrate specificity and PEGylated FezO4 .
aptamers immunoassays

matrix stability

Surface doping and elemental substitution are widely adopted methods that involve
the intentional incorporation of heteroatoms (e.g., N, P, and S) into the lattice of a host
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material or the replacement of existing atoms to modify the electronic structure and surface
properties [77-80]. These alterations can create or enhance active sites by modulating the
electron density, introducing localized defects, or shifting the d-band center of surface
atoms, thereby influencing substrate binding energy and reaction kinetics. For example,
nitrogen-doped carbon-based nanozymes exhibit improved activity in oxygen reduction
reactions (ORRs), whereas doped metal oxide nanozymes exhibit enhanced substrate
affinity and turnover through electronic modulation [81-84].

Defect engineering is another critical strategy that focuses on the deliberate generation
of structural imperfections such as oxygen vacancies (OVs), dislocations, and edge defects,
particularly in metal oxides and two-dimensional (2D) materials [85-89]. These defects
typically act as unsaturated coordination centers that enhance substrate adsorption and
electron transfer. A prominent example is cerium oxide (CeO,) nanozymes, where OVs
significantly boost catalase-like activity by increasing H,O, accessibility at reactive sites
[90,91]. Facet exposure engineering enables the selective presentation of catalytically active
crystal planes (e.g., {111} and {100}), each with distinct surface atom arrangements and
electronic characteristics that modulate catalytic behavior [91-94].

The development of SANs and DANSs, where isolated metal atoms or atomic pairs are
dispersed on conductive supports such as carbon frameworks and metal oxides, is a rapidly
advancing frontier in nanozyme design [95-99]. These atomically precise configurations
maximize catalytic atom utilization and typically exhibit unique reactivity because of
quantum confinement effects and strong metal-support interactions. Furthermore, the
electronic state and local coordination environment of single atoms can be rationally
adjusted to fine-tune catalytic specificity and reaction kinetics at an unprecedented level.

In addition to structural engineering, surface modification and functionalization
offer versatile strategies to enhance nanozyme-based biocompatibility and targeting speci-
ficity [100-102]. The covalent or non-covalent attachment of functional groups, polymers,
or biological ligands (e.g., aptamers, antibodies) can direct nanozyme activity toward spe-
cific analytes, improve stability in physiological environments, and minimize non-specific
interactions. Modulating surface hydrophilicity, charge, and steric hindrance further refines
the local reaction microenvironment, thereby enhancing biosensing performance.

By combining strategies such as doping, defect creation, facet control, atomic dis-
persion, and surface functionalization, researchers are advancing the rational design of
nanozymes with enzyme-like precision. These engineered platforms are achieving en-
hanced sensitivity, selectivity, and adaptability, expanding their utility across a wide range
of diagnostic and therapeutic applications.

2.3. Advantages and Limitations of Nanozymes in Biosensing

The increasing interest in nanozymes for medical diagnostics is due to their unique
advantages over natural enzymes; however, acknowledging their current limitations is also
important. A balanced perspective on these aspects is crucial for guiding future research
and development in nanozyme-enhanced biosensing.

2.3.1. Advantages of Nanozymes in Biosensing

Nanozymes offer several advantages that make them highly attractive for biosensing
applications [8,9,103,104]. First, unlike natural enzymes that require complex and costly
purification from biological sources, nanozymes are economically feasible and scalable,
enabling large-scale production. Second, they exhibit exceptional stability under harsh
conditions, including extreme pH, elevated temperatures, and exposure to proteases or
organic solvents, thereby extending shelf life and ensuring reliable performance in diverse
biological environments where natural enzymes often denature. Third, nanozymes are



Biosensors 2025, 15, 571

8 of 29

synthetically tunable; their catalytic activity, substrate selectivity, and surface properties can
be precisely engineered through doping, defect modulation, and surface functionalization.
This level of control enables the design of nanozymes tailored to specific analytes and
sensing contexts, surpassing the fixed catalytic behavior of natural enzymes.

In addition, nanozymes can be seamlessly integrated into various detection plat-
forms, including electrochemical, optical, colorimetric, and fluorescence-based systems.
Their nanoscale dimensions enable device miniaturization and facilitate incorporation into
portable, POC diagnostic tools, thereby expanding their clinical utility.

2.3.2. Limitations of Nanozymes in Biosensing

Despite their advantages, nanozymes face several limitations that warrant continued
innovation [5,105,106]. First, their catalytic efficiency and substrate specificity generally
fall short of those of natural enzymes, largely due to the absence of a well-defined protein
scaffold and evolutionarily optimized active site microenvironments. While advances in
active site engineering and bio-hybrid designs are narrowing this gap, fully replicating
the substrate affinity and turnover rates of natural enzymes remains a significant chal-
lenge. Second, batch-to-batch variability in synthesis—arising from inconsistencies in
nanoparticle size, morphology, surface defect density, and composition—can compromise
reproducibility. Such variability complicates standardization, hinders quality control, and
poses barriers to commercialization and clinical translation. Third, cytotoxicity remains a
concern, particularly for in vivo applications. The biological safety of nanozymes depends
on factors such as material composition, concentration, degradation profile, and long-term
accumulation, all of which must be rigorously assessed—especially for clinical biosensors
involving direct tissue contact. Fourth, interference from complex biological matrices
(e.g., blood, urine, serum) can compromise sensor accuracy. Non-specific adsorption of
proteins or other biomolecules may block active sites, generate false signals, or reduce
detection sensitivity. Finally, although multiplexed detection is a growing area of research,
achieving reliable simultaneous detection of multiple analytes with nanozyme-based sys-
tems remains technically challenging. Signal overlap, cross-reactivity, and difficulties
in platform integration continue to limit the practical implementation of high-fidelity
multiplexed biosensing.

Overcoming these limitations is essential to realizing the full potential of nanozymes
as next-generation diagnostic tools. Future research should prioritize improved synthetic
control, enhanced biocompatibility, and the integration of machine learning (ML) to enable
robust, selective, and clinically viable biosensing platforms.

3. DL Architectures in Nanozyme Research
3.1. Overview of DL and CNNs

DL, a powerful subset of ML, has transformed various scientific domains by enabling
computational models to learn hierarchical representations of data through multiple layers
of nonlinear processing [107-114]. Unlike conventional ML approaches that heavily de-
pend on handcrafted features, DL algorithms can autonomously extract complex patterns
directly from raw, high-dimensional data. This characteristic is particularly advantageous
in biosensing, where large-scale, noisy, and multivariate signals are typically contained
in data.

3.1.1. Understanding the DL Approach

The core of a DL approach lies in its ability to automatically extract complex, hier-
archical features from raw data through a layered network of artificial neurons. Unlike
traditional machine learning, which often requires manual feature engineering, DL models
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learn to represent data at multiple levels of abstraction. For example, in a colorimetric
nanozyme-based biosensor, the model does not just analyze simple features like average
color intensity. Instead, it learns to identify intricate spatial patterns, subtle color variations,
and textural information from the image data, which are then used for accurate analyte
detection. This process allows the model to uncover subtle, non-linear relationships within
the data that are often imperceptible to human analysis or conventional algorithms.

3.1.2. Signal Collection, Filtering, and Elaboration

The successful application of DL begins with the careful collection and preparation of
signals. In the context of nanozyme-based biosensing, signals are typically collected as high-
dimensional data, such as images, spectroscopic data, or time-series electrical signals. These
raw signals are then subjected to a crucial preprocessing pipeline. This workflow includes
steps such as signal filtering to remove noise and unwanted artifacts, normalization to
scale data to a uniform range, and data augmentation to artificially increase the size and
diversity of the training dataset. For instance, in an image-based system, augmentation
techniques like rotation, scaling, or adjusting brightness are applied to ensure the model is
robust to variations in lighting conditions or sensor placement. This meticulous elaboration
of the signal is essential to create a clean, standardized input that enables the DL model to
learn effectively and generalize across different conditions.

3.1.3. Model Training and Application

Once the data is prepared, the DL model is trained on a labeled dataset. During
the training phase, the model’s internal parameters (weights and biases) are iteratively
adjusted to minimize the difference between its predictions and the actual known values
(the labels). This optimization process, often performed using algorithms like stochastic
gradient descent, fine-tunes the network to accurately map input signals to desired outputs,
such as analyte concentration or the presence of a specific biomarker. After training, the
model is ready for real-world application, a stage known as inference. The trained model is
then deployed to new, unseen samples, where it processes the raw, pre-processed signals
and provides a fast and reliable output. This final stage demonstrates the model’s ability to
act as a powerful and automated tool for quantitative analysis or classification in POC and
laboratory settings.

At the core of DL are artificial neural networks consisting of interconnected layers
of neurons. As data propagate through these layers, the network progressively learns
abstract and task-relevant features, enabling it to model complex, nonlinear relationships
that conventional models often fail to capture.

Among DL architectures, CNNs are particularly effective for analyzing data with
spatial or sequential structure—such as images, time-series signals, and spectroscopic
data—which are common in nanozyme-based biosensing applications [115-118]. A typi-
cal CNN comprises three main components: convolutional layers for feature extraction,
pooling layers for dimensionality reduction, and fully connected layers for classification
or regression.

(1) Convolutional layers apply learnable filters (kernels) that scan across the input to
detect localized patterns, such as edges, textures, or spectral peaks. Each filter captures
a specific feature, and multiple filters collectively learn a diverse set of representations
relevant to the task.

(2) Pooling layers, such as max pooling and average pooling, reduce the dimensionality
of feature maps by summarizing local regions, thereby decreasing computational com-
plexity, enhancing generalization, and improving robustness to minor spatial or temporal
variations in the input.
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(3) Fully connected layers integrate high-level features extracted by preceding layers
to produce final outputs, such as classification labels or regression values.

The hierarchical architecture of CNNs enables early layers to capture low-level features,
while deeper layers integrate these into higher-level abstractions. This layered feature
extraction makes CNNs particularly well suited for analyzing complex biological signals
commonly encountered in nanozyme-based sensing platforms.

3.2. CNN Approaches Relevant to Nanozyme-Based Biosensing

The integration of CNNs with nanozyme-based sensing has transformed the inter-
pretation of complex biosensing data by enabling automated feature extraction, signal
classification, and real-time decision-making. CNNs are particularly effective at processing
high-dimensional data, such as images, voltammograms, and spectral profiles, routinely
generated by nanozyme-enabled biosensing platforms (Figure 3).

CNN Application in Nanozyme Biosensing

[5E <7

Optical Electrochemical
biosensing \ , biosensing

CNN-assisted
Nanozyme Biosensors

81

e
Spectroscopic Portable/ wearable
biosensing diagnostics

Figure 3. Schematic of CNN applications in nanozyme-based biosensing. CNNs enable automated
analysis of complex biosensing outputs such as spectroscopic signals, imaging data, and voltametric
curves, thereby improving detection accuracy, reducing interpretation time, and supporting real-time
decision-making. Partially generated with ChatGPT (OpenAl, 2025).

CNNs have been widely applied in optical and spectroscopic biosensing, including
surface plasmon resonance (SPR) imaging and Raman spectroscopy. In SPR imaging,
CNNs can detect subtle refractive index changes to quantify biomolecular interactions
and classify cell types based on binding kinetics [119-121]. In Raman-based biosensing
platforms—particularly those employing surface-enhanced Raman scattering (SERS)—
CNN:s effectively analyze complex spectral data by deconvolving overlapping peaks and
identifying subtle vibrational shifts [122,123]. Although most current SERS biosensors rely
on noble metal substrates, nanozymes have been integrated into SERS-active systems to
enhance catalytic signal amplification and molecular specificity. While direct applications
of CNNs to nanozyme-SERS platforms remain limited, their demonstrated success in
conventional SERS analysis highlights strong potential for future integration in nanozyme-
based spectroscopic diagnostics [5,105,106].

In electrochemical biosensing, CNNs facilitate the analysis of current-time curves, cyclic
voltammograms, and impedance spectra, which are often complex and noisy [124-127]. Manual
interpretation of these signals is challenging due to overlapping peaks and subtle variations.
CNN s can reliably extract critical features such as peak shape, onset potential, and redox
pair separation—parameters essential for quantifying biomarkers and detecting toxic
metal ions. For instance, CNNs trained on voltammetric data can identify the distinct
redox signature of dopamine in complex biological matrices, thereby improving detection



Biosensors 2025, 15, 571

11 of 29

sensitivity and specificity. Beyond these general capabilities, several representative studies
demonstrate the practical use of CNNs in electrochemical biosensing. Fu et al. applied a
one-dimensional CNN (1D-CNN) model to classify and quantify meat adulteration based
on voltammetric signals, achieving high accuracy in discriminating subtle redox responses
in complex food matrices [124]. Gecgel et al. employed DL to enhance the selective
electrochemical detection of SARS-CoV-2, where CNN-based feature extraction improved
sensitivity and specificity over manual interpretation [125]. More recently, Hoar et al.
leveraged CNNs to deconvolute cyclic voltammograms with overlapping redox events,
enabling reliable identification of redox-active species and mechanistic pathways [128].
These examples highlight how CNNs can transform electrochemical data analysis from
descriptive interpretation to robust, automated diagnostics.

Beyond conventional modalities, CNNs have also been applied to genomic and pro-
teomic analyses relevant to biosensing applications [129-133]. While these uses may not
directly involve nanozymes, they highlight the versatility of CNNs in processing sequence-
based data. Tasks such as mutation detection, protein structure prediction, and disease
classification based on gene or protein expression profiles benefit from CNNs’ capacity to
identify subtle sequence motifs and high-order relationships.

Importantly, CNNs are well suited for integration with wearable and POC diagnostic
platforms, where real-time data from nanozyme sensors are collected via smartphones and
embedded devices. In such settings, CNNs process multisensor data streams—including
optical, thermal, and electrical signals—and deliver rapid, automated diagnoses without
the need for expert interpretation. This capability supports continuous health monitoring,
early disease detection, and personalized medicine, even in resource-limited environments.

Collectively, CNNs endow nanozyme-based biosensors with enhanced signal res-
olution, automated decision-making, and scalable analytical capabilities, laying the
groundwork for next-generation intelligent diagnostic systems. Compared to these well-
established Al-biosensor pairings, DL-nanozyme integration offers both complementary
strengths and distinct challenges. Optical biosensors augmented by DL, such as SPR or
SERS platforms, achieve exceptional sensitivity and molecular specificity but often rely
on noble metals or sophisticated optics that limit cost-effectiveness and portability. Elec-
trochemical biosensors combined with DL provide scalable, real-time signal analysis and
are readily compatible with wearable formats, yet they remain susceptible to matrix inter-
ference and electrode fouling. In contrast, DL-nanozyme-based biosensors leverage the
intrinsic catalytic robustness, tunability, and low-cost synthesis of nanozymes, enabling
highly portable, multiplexed, and smartphone-integrated diagnostics. The main trade-
off is maturity: nanozyme systems face greater challenges in synthesis reproducibility,
long-term biocompatibility, and standardization compared to their optical and electro-
chemical counterparts. Nevertheless, the synergy between catalytic amplification and
Al-driven interpretation positions DL-nanozyme biosensors as a distinctive and potentially
transformative complement within the broader landscape of Al-enhanced diagnostics.

4. Practical Applications of DL-Enabled Nanozyme-Based
Optical Biosensors

4.1. Synergistic Opportunities

The integration of DL with nanozyme-based biosensors represents a transformative
approach to intelligent diagnostics. DL models—particularly CNNs and object detection
frameworks such as You Only Look Once (YOLO)—can be applied to nanozyme sen-
sor data for automated feature extraction, signal classification, and quantitative analysis.
This synergy enhances detection sensitivity and specificity while aligning with the World
Health Organization’s ASSURED criteria for POC diagnostics. Notably, DL enables real-
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time data interpretation, multiplexed analyte recognition, and adaptive decision-making—
capabilities that conventional analytical methods often lack. Additionally, DL can assist in
predicting catalytic parameters (e.g., Km, Vmax), optimizing nanozyme composition, and
accelerating the design and deployment of biosensors.

Indeed, one of the critical advantages of integrating DL with nanozyme-based biosens-
ing lies in its ability to mitigate long-standing technical challenges. Variability in signal
responses—arising from batch-to-batch inconsistencies or environmental fluctuations—can
be reduced through DL-enabled feature extraction and denoising, thereby improving re-
producibility and standardization in nanozyme performance [134]. Moreover, multiplexed
detection, often limited by overlapping signals and cross-reactivity, can be enhanced by
DL-powered sensor arrays and object detection models. For instance, YOLO-assisted dis-
crimination of multiple organophosphorus pesticides [135], CNN-based deconvolution of
overlapping Raman peaks [136], and DL-enabled deconvolution of multichannel nanozyme
readouts such as g-C3Ny-based absorbance dynamics [137] have demonstrated how DL
improves both sensitivity and robustness. Collectively, these examples illustrate that DL
not only accelerates the optimization of nanozymes but also addresses persistent barriers
in biosensing performance.

4.2. Smartphone-Integrated DL-Enhanced Nanozyme-Based Biosensors

The integration of DL and nanozyme-based biosensors has enabled the development
of intelligent, portable, and low-cost diagnostic systems capable of automated signal
interpretation. Among these systems, smartphone-assisted biosensors have emerged as
highly accessible platforms, leveraging the ubiquity of mobile devices and their ability to
perform real-time image acquisition and analysis.

This section highlights representative applications in which DL algorithms, such
as CNNs, YOLO, MobileNet, and deep neural networks (DNNs), have been combined
with nanozyme-catalyzed sensing mechanisms to support semi-automated detection of
biologically and environmentally relevant analytes. These examples span colorimetric
detection using red-green-blue (RGB)/hue-saturation-value (HSV) models (Section 4.2.1),
multi-analyte discrimination via sensor arrays (Section 4.2.2), dual-mode platforms incorpo-
rating both colorimetric and fluorescent outputs (Section 4.2.3), mechanistic detection with
multifunctional nanozymes (Section 4.2.4), and applications of broader ML architectures
for regression and mixture analysis (Section 4.2.5).

Collectively, these platforms demonstrate capabilities for on-site, rapid, multiplexed,
and real-time detection, depending on the sensing modality and DL model employed.

4.2.1. DL-Powered Colorimetric Biosensors

Smartphone-integrated colorimetric biosensors powered by DL have shown consider-
able promise for portable, sensitive, and real-time diagnostics. As summarized in Table 3,
these platforms integrate nanozyme-catalyzed chromogenic reactions with smartphone-
based image acquisition and DL-driven data analysis. Representative applications target a
wide range of analytes, including neurotransmitters, pesticides, and heavy metals, under-
scoring the versatility and broad diagnostic potential of this approach.

Figure 4 shows representative smartphone-based DL-powered nanozyme colorimet-
ric biosensors developed for real-time, on-site detection of diverse analytes, including
neurotransmitters, pesticides, biothiols, and heavy metals. These platforms combine
distinct nanozyme compositions and catalytic mechanisms with DL strategies such as
RGB-based regression, clustering (PCA/HCA), and YOLO-driven segmentation, highlight-
ing the adaptability of DL-nanozyme integration across biomedical and environmental
sensing applications.
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Table 3. Summary of DL-powered colorimetric nanozyme-based biosensors.
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Figure 4. Smartphone-integrated DL-powered nanozyme colorimetric biosensors. (a) RGB/HSV-
based quantification of epinephrine using Lag 9¢Sr 04NiO3_s nanozyme. Reprinted with permission
from Ref. [138]. Copyright (2025) Elsevier B.V. (b) YOLOvb5-assisted segmentation for organophos-
phate pesticides (glyphosate, paraoxon, omethoate) using a Co@MOEF-545-Fe system. Reprinted
with permission from Ref. [16]. Copyright (2025) Wiley-VCH GmbH. (c) Biothiol (Cys, GSH, Hcy)
detection using CuZn-N SAzyme with YOLOv5 and PCA/HCA analysis via a smartphone app.
Reprinted with permission from Ref. [12]. Copyright (2025) American Chemical Society. (d) Dual
detection of DAH and Cd?* using SrCoNiOj;_ 5 nanozyme analyzed through HSV-based regression.
Reprinted with permission from Ref. [139]. Copyright (2025) Elsevier B.V.

A representative approach employs perovskite-based Lag 95Sr 04NiO3_s nanozymes,
in which strontium doping introduces OVs that enhance catalytic activity for epinephrine
detection [138]. It is worth mentioning that the incorporation of DL substantially im-
proved quantitative sensing performance relative to traditional analytical approaches.
The DL-powered smartphone application enabled real-time analysis of colorimetric sig-
nals in the RGB and HSV domains, achieving excellent linear correlation (R? =~ 0.99)
and a low detection limit of 0.1821 uM, confirmed in both buffer and biological matri-
ces. Compared to conventional colorimetric or voltammetric sensors for epinephrine, the
DL-assisted platform demonstrated a comparable or superior limit of detection, while of-
fering greater convenience and reduced operator bias due to automated, algorithm-driven
interpretation. Moreover, the custom DL model allowed for robust performance under
diverse ambient lighting and image acquisition conditions, enhancing field applicability
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and reliability—factors that often limit conventional methods. However, it should be
noted that the improvements in analytical outcome were most significant when complex
sample backgrounds or variable imaging environments posed challenges to manual or
classical algorithm analysis. For straightforward, high-contrast laboratory measurements,
the relative benefit of DL integration over standard regression or thresholding may be
modest. Thus, for this application, the use of DL was clearly justified for advancing portable
and automated epinephrine biosensing, particularly where environmental variability or
non-expert operation are critical considerations.

A notable advancement in enzyme-nanozyme cascade systems for POC diagnostics
involved the development of a continuous flow reactor integrated with DL for multi-
plexed detection of organophosphorus pesticides (OPs) [16]. This system employed a
Cg@MOEF-545-Fe nanozyme, in which oxidase- and peroxidase-like activities were sig-
nificantly enhanced via host-guest interactions with fullerene (Cgp). Coupled with acetyl-
cholinesterase (AChE), the reactor facilitated efficient cascade catalysis. A YOLOv5-based
DL model was deployed on a smartphone platform for image segmentation and quantita-
tive analysis, enabling automated identification, quantification, and differentiation of three
OP analytes (glyphosate, omethoate, paraoxon) directly from colorimetric array images
in field-relevant conditions. Quantitatively, the platform achieved low detection limits
(glyphosate: 0.65 ng/mL, omethoate: 0.12 ng/mL, paraoxon: 0.32 ng/mL), broad linear
ranges, and high selectivity and reproducibility in complex matrices, as validated in spiked
real samples (soybean, rice, and apple) with recoveries typically between 97-104% and
RSDs below 4%. Critically, DL was essential for accurate pattern recognition and multivari-
ate regression within RGB/HSV color feature space, outperforming conventional visual
or single-channel thresholding strategies—which are impractical for rapid, multiplexed,
and user-independent assessments. The YOLOv5 model’s robustness to imaging variation
(e.g., lighting, tube positioning) enabled reliable operation without laboratory-standard
equipment or technical expertise, representing a clear advantage for POC deployment.
Nevertheless, the benefits were most pronounced in multiplex and ambiguous scenarios;
for single-OP, highly contrasted systems, conventional analysis may suffice. Thus, in this
application, DL was unequivocally justified by the notable improvements in accuracy,
usability, and throughput for rapid, on-site pesticide screening.

Further expanding the scope of detection, bimetallic SANs (CuZn-N SAzymes) have
been used for the colorimetric sensing of biologically relevant thiol compounds, includ-
ing cysteine, glutathione, and homocysteine. Here, DL frameworks such as YOLOVS5,
PCA, and HCA are embedded in a mobile application (“ThiolSense”) to enable accurate
quantification in serum samples, reaching detection limits in the nanomolar range [12].
The system leveraged the YOLOVS5 algorithm for automated segmentation and extraction
of colorimetric data from smartphone-acquired images, followed by PCA and HCA for
robust pattern recognition. This approach enabled accurate and multiplexed identifica-
tion of cysteine, glutathione, and homocysteine with detection limits in the 1.17-1.35 nM
range and a broad linear range down to clinically relevant concentrations. Critically, DL
facilitated the real-time, user-independent processing of large, high-dimensional datasets,
substantially decreasing susceptibility to variations in ambient lighting, imaging angle,
and user operation—factors that commonly confound manual or traditional single-variable
analyses. The portable “ThiolSense” app, powered by DL, enabled on-site quantification
and mixture discrimination in both controlled and complex biological matrices (serum),
confirming its clinical applicability by achieving high recoveries and low RSDs in actual
sample analysis. Notably, while the incremental benefit of DL over conventional statistical
discrimination may be less apparent for simple, well-separated colorimetric responses, its
impact becomes pronounced when handling overlapping signals, complex mixtures, or
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field scenarios demanding reproducibility and throughput. Thus, in this context, DL was
essential to advancing the sensor from a laboratory prototype to a practical, scalable POC
diagnostic tool, greatly enhancing accuracy, selectivity, and operational robustness.

In the context of environmental monitoring, a SrCoNiO3_s trimetallic perovskite
nanozyme was employed for the dual detection of dopamine hydrochloride (DAH) and
cadmium ions (Cd?*) [139]. Synthesized via high-temperature calcination, the nanozyme’s
peroxidase-like activity was significantly enhanced by the strategic substitution of
Co?* with Ni?*, which promoted electron transfer and facilitated the generation of OVs
and -OH. The detection mechanism utilized a distinctive “on-off-on” colorimetric response:
DAH induced a visible color change, which was subsequently reversed by Cd?*. Quantita-
tive interpretation was achieved using a smartphone-based analytical platform powered
by DL algorithms, incorporating RGB and HSV color space analysis. The system exhibited
excellent analytical performance, with a linear detection range of 2-20 uM for both analytes
and detection limits of 0.098 uM for DAH and 0.343 uM for Cd?*. Notably, the platform
demonstrated strong reproducibility when applied to complex, field-relevant environmen-
tal samples. Furthermore, recovery studies in real samples, including soil and river water,
confirmed detection precision with relative standard deviations below 5% and recovery
rates from 97.27% to 106.25%. This work highlights the promising integration of advanced
nanozyme catalysis with DL-enhanced smartphone sensing for practical environmental
and biomedical applications, combining high sensitivity, reproducibility, and user-friendly
operation in complex matrices.

Overall, a critical evaluation of DL applications in nanozyme-based biosensing, as
compiled in Table 3, reveals significant benefits alongside notable challenges. The employed
DL models have demonstrated superior capabilities in extracting complex features from
high-dimensional, noisy data, enabling enhanced sensitivity, specificity, and multiplexed an-
alyte recognition that traditional methods often cannot achieve. These improvements have
translated into user-friendly, real-time diagnostic platforms, especially when integrated
with smartphone-based detection, aligning with ASSURED criteria for POC applications.
However, the implementation of DL also presents challenges that must be addressed to fully
realize its potential. These include the scarcity of large, diverse, and standardized datasets
crucial for robust model training and validation, variability in sample matrices and device
hardware that introduce noise and affect reproducibility, and the need for lightweight,
interpretable, and energy-efficient models suitable for portable deployment. Moreover,
issues related to model transparency and clinical acceptance remain. Therefore, while
DL integration has proven valuable and often worth the effort in advancing nanozyme-
based biosensing performance, ongoing efforts focused on dataset standardization, model
interpretability, and deployment robustness are essential for broader practical adoption
and impact.

4.2.2. Sensor Arrays for Multi-Analyte Discrimination

A DL-enhanced colorimetric sensor array (CSA) effectively discriminates structurally
similar analytes, enabling both qualitative classification and quantitative analysis. These
systems leverage nanozyme-catalyzed reactions and multichannel signal patterns, which
are interpreted through advanced image processing and ML algorithms embedded in
smartphone platforms.

A representative study reported a CeO,-based sensor array doped with Mn, Co, and Fe
for the selective recognition of flavonoids such as hesperidin, nobiletin, and tangeretin [135].
Guided by density functional theory (DFT) predictions to optimize nanozyme activity, the
researchers developed a three-channel array (CeMn, CeFe, CeCo) and quantified colori-
metric responses using a segmentation-extraction-regression (SER-DL) workflow based on
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the MobileNetV3-small neural network. RGB image data were collected via a custom mo-
bile application (“Quick Viewer”), enabling accurate flavonoid concentration predictions
(R? = 0.97). The system also achieved high classification performance, distinguishing
flavonoids extracted from Citri Reticulatae Pericarpium samples stored for different du-
rations using linear discriminant analysis (LDA). As illustrated in Figure 5 [135], the
MobileNetV3-small model integrated with the smartphone-based sensor array enabled
precise quantification and discrimination of structurally similar flavonoids via the SER-DL
workflow. Difference maps and LDA plots further confirmed robust classification perfor-
mance, even in mixtures of varying flavonoid ratios and in the presence of interferents,
validating the platform’s applicability for real-sample analysis.
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Figure 5. Representative illustrations of smartphone-assisted nanozyme-based CSA for flavonoid
discrimination and quantification. (aj—a3) Difference maps, heat maps, and LDA plots for the
classification of three flavonoids. (b1—b3) Concentration-dependent responses and discrimination.
(c1—c3) Quantification of binary mixtures with varying ratios. (d—f) Robust classification performance
in the presence of potential interferents. Reprinted with permission from Ref. [135]. Copyright (2024)
Elsevier B.V.

In a related study, a MnO; nanozyme-based CSA was developed for the rapid, low-
cost detection of unsaturated fatty acids, including oleic acid, linoleic acid, and «-linolenic
acid [140]. The sensor emulated olfactory signal processing by converting competitive
inhibition—induced colorimetric changes into analyte-specific response patterns. A DL-
enhanced workflow was implemented using an image segmentation-feature extraction-
regression (ISFE-DL) model based on MobileNetV3-small, trained on over 38,000 single-
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hole images. Quantitative analysis was conducted via a smartphone application (“Intel-
ligent Analysis Master”), yielding high determination coefficients (R? = 0.9969 for oleic
acid, 0.9668 for linoleic acid, and 0.7393 for «-linolenic acid). Additionally, LDA facilitated
mixture classification and multicomponent quantification, demonstrating the system’s
potential for real-world compositional analysis.

Collectively, these examples illustrate how nanozyme-based CSAs, when inte-
grated with lightweight DL models and mobile analytics, enable reliable, accessible,
and multiplexed detection of complex molecular targets across food, biomedical, and
environmental applications.

4.2.3. Dual-Mode Detection and Smart Sensing

Dual-mode nanozyme-based biosensors that combine colorimetric and fluorometric
outputs provide enhanced reliability and analytical accuracy by mitigating limitations asso-
ciated with single-mode detection. A representative example is the smartphone-integrated
sensing system developed for detecting tetracycline analogs, including tetracycline, chlorte-
tracycline, oxytetracycline, and doxycycline [141]. The system used a NH,-MIL-88 B (Fe,
Ni) nanozyme exhibiting both peroxidase-like activity via Fenton-like reactions and in-
trinsic blue fluorescence. The detection mechanism leveraged dual-signal responses: the
analogs inhibited the peroxidase-like activity, reducing the blue coloration of oxidized
3,3 5,5 -tetramethylbenzidine (TMB), and simultaneously quenched fluorescence through
an internal filtering effect. To facilitate real-time, portable analysis, the authors integrated
the nanozyme with a three-dimensional (3D) printed smartphone imaging system and a
custom WeChat applet (“Intelligent Fluorescence Analysis”). A YOLOv3-based DL model
was employed for image recognition, facilitating RGB and HSV color feature extraction
from both colorimetric and fluorescent images. This dual-mode platform achieved wide
detection ranges with low detection limits—0.182 and 0.0668 uM for the colorimetric and
fluorescent channels, respectively—while maintaining high specificity and minimal false-
positive rates. Validation with real samples, including milk and water, confirmed the
system’s reproducibility and stability. This approach exemplifies the synergistic integration
of nanozyme catalysis, multimodal sensing, smartphone hardware, and DL analytics, offer-
ing a robust and versatile solution for POC antibiotic residue monitoring. An overview of
this integrated detection strategy is presented in Figure 6, highlighting the smartphone-
based dual-mode nanozyme-based biosensor enhanced by YOLOv3-driven analysis.

Input Processing Output
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Intensity-based quantification [ I I I

Fluorometric Concentration

YOLOv3-based deep learning

CONV  Pooling  Fully connectec? g

Colorimetric Smartphone @_’_’ Classification

Figure 6. Schematic of dual-mode smartphone-integrated nanozyme-based biosensing system. Flu-

orometric signals are quantified through intensity-based quenching analysis, while colorimetric
signals are processed by a YOLOv3-based DL pipeline (convolutional layer, pooling, and fully
connected) to extract RGB/HSV features. The outputs include quantitative concentration val-
ues and classification results. CONV = Convolutional layer. Partially generated with ChatGPT
(OpenAl, 2025).
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4.2.4. Mechanistic Detection and Multifunctional Systems

The development of multifunctional nanozyme platforms that integrate high catalytic
activity with biosensing and environmental remediation capabilities represents a promising
direction in nanozyme research. A notable example involves Co3z04/CoFe;O4 hollow
nanocubes (HNCs), designed with abundant OVs and a porous core-shell heterostructure
comprising a Co30y4 core and CoFe;Oy shell [11]. Synthesized via a one-pot method,
these HNCs exhibited peroxidase-, oxidase-, and catalase-like activities, supporting their
potential for diverse applications.

Comprehensive characterization, including X-ray photoelectron spectroscopy depth
profiling and DFT simulations, revealed that the high peroxidase-like activity of the HNCs
stemmed from -OH generation, mediated by synergistic interactions between the surface
and interior OVs and dynamic electron transfer between the Co and Fe centers.

To translate this multifunctionality into a real-time diagnostic tool, a smartphone-
based sensing platform incorporating a YOLOv3 DL algorithm was developed. The system
enabled in situ detection of diverse analytes such as L-cysteine, norfloxacin, and zear-
alenone. Among these analytes, norfloxacin was detected with high sensitivity and a
detection limit of 0.015 uM, which is superior to that of many previously reported methods.
In addition, the HNCs demonstrated exceptional performance in degrading rhodamine B
(99.24% efficiency), with high reusability over 10 catalytic cycles, highlighting their dual
function in biosensing and environmental cleanup.

Mechanistic validation was performed via in situ Fourier transform infrared (FTIR)
spectroscopy. Spectral analysis confirmed the binding and oxidation sequence in the
L-cysteine/norfloxacin detection pathway: the formation of S-M (metal) bonds with L-
cysteine led to the inhibition of the nanozyme, which was subsequently reversed upon
norfloxacin-induced oxidation, restoring catalytic activity and generating an “on-off-on”
colorimetric signal.

The full workflow of the intelligent biosensing platform and the underlying catalytic
mechanism are illustrated in Figure 7. The DL-assisted detection process (Figure 7a)
employed YOLOV3 for image segmentation and RGB/HSV-based concentration prediction
via a WeChat mini app. Mechanistic validation using in situ FTIR (Figure 7b,c) confirmed
that L-cysteine binds to the nanozyme surface through S-M (metal) bonds, inhibiting
electron transfer and suppressing TMB oxidation. Upon addition of norfloxacin, L-cysteine
undergoes oxidation, restoring electron transfer and enabling colorimetric signal recovery.
This “on-off-on” response mechanism (Figure 7d) exemplifies the synergistic integration of
molecular interaction analysis and DL in multifunctional nanozyme-based biosensing.

This work highlights how advanced nanozyme platforms can integrate DL analytics
and molecular-level mechanistic understanding to support next-generation, multifunctional
biosensing systems.

4.2.5. Expansion to General ML Architectures

Although CNNs and object detection frameworks like YOLO dominate the land-
scape of DL-powered biosensors, broader ML architectures also contribute significantly to
nanozyme-based sensing, particularly for tasks such as mixture discrimination and quanti-
tative regression. A representative example features a gold nanozyme-based CSA designed
for the classification and quantification of monosaccharides [142]. This system mimicked
glucose oxidase-like activity by employing multiple electron acceptors—O5, 2,2’-azino-
bis(3-ethylbenzothiazoline-6-sulfonic acid ammonium salt) (ABTS)*", and [Ag(NH;3),]*—to
oxidize various monosaccharides, generating distinct cross-reactive responses across three
detection channels.
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Figure 7. [Illustration of YOLOv3-based DL-assisted smartphone biosensing system using
Co304/CoFe;O4 HNCs. (a) Workflow of image acquisition, analysis, and concentration predic-
tion using RGB/HSYV features. (b) In situ FTIR spectra showing the decrease in the -SH stretching
band during cysteine (Cys) binding to the nanozyme surface, indicating inhibition of electron transfer.
(c) Subsequent FTIR spectra illustrating norfloxacin (NOR)-induced oxidation of cysteine and the
emergence of S=0 stretching, confirming recovery of electron transfer in the “on-off-on” mechanism.
(d) Proposed catalytic and signal generation mechanism involving -OH production and reversible
electron transfer through S-M bond formation and norfloxacin-mediated recovery. Reprinted with
permission from Ref. [11]. Copyright (2023) American Chemical Society. *OH denotes a hydroxyl
species adsorbed on the catalyst surface, serving as a key reaction.

Colorimetric data from the array were analyzed using classical ML algorithms, specif-
ically LDA and hierarchical clustering analysis (HCA), to classify mixtures of D-glucose
and D-fructose at varying ratio gradients (25%, 10%, and 5%). The resulting 2D canonical
score plots and confusion matrices demonstrated high classification accuracy, although
precision decreased slightly at lower gradient differences. For simultaneous quantification,
a DNN-based regression model was constructed, incorporating multiple hidden layers with
tailored activation functions and learning parameters. This model accurately predicted
the concentrations of glucose and fructose in mixed samples, as evidenced by regression
plots showing narrow error margins and strong concordance with high-performance liquid
chromatography results.

Overall, this study exemplifies how ML algorithms beyond conventional CNNs can
be effectively harnessed in nanozyme-based biosensing for multi-analyte classification
and compositional analysis. The integration of ML models with nanozyme-based sensor
arrays offers a flexible and scalable approach for decoding complex biochemical mixtures
with high sensitivity and interpretability. As illustrated in Figure 8, LDA enables accurate
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classification, while DNNs support precise regression across glucose-fructose mixtures at
varying ratios (25%, 10%, and 5%). The architecture and performance of the DNN model
underscore its strong predictive capability, yielding concentration estimates with minimal
error (Figure 8g—i). This convergence of DL and nanozyme-based biosensing is paving the
way for a new generation of intelligent, portable, and cost-effective diagnostic platforms
with broad applicability—from neurotransmitter and toxin detection to food safety and
environmental monitoring.
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Figure 8. Visualization of ML-assisted analysis of Au nanozyme-based sensor array responses for
monosaccharide mixtures. (a—c) 2D canonical score plots from LDA for classifying glucose and
fructose mixtures at 25%, 10%, and 5% gradient differences, respectively. (d—f) Corresponding
confusion matrices highlight classification accuracy. (g) DNN regression model architecture used for
concentration prediction. (h,i) Regression plots show predicted versus actual glucose and fructose
concentrations in mixtures, demonstrating high accuracy. Reprinted with permission from Ref. [142].
Copyright (2024) Elsevier B.V.

When viewed within the broader biosensing and Al-driven diagnostics landscape,
DL-nanozyme biosensors share similarities with other Al-integrated approaches while
also offering distinctive features. DL-optical biosensors, for instance, benefit from high-
resolution imaging pipelines but often face challenges such as photobleaching and limited
robustness under field conditions. DL-electrochemical biosensors provide highly sensitive
and low-cost detection, yet issues such as electrode fouling and complex calibration can
limit reproducibility. By comparison, DL-nanozyme biosensors leverage catalytic amplifica-
tion, stability under diverse conditions, and cost-effectiveness, while still facing trade-offs
including batch-to-batch variability and biocompatibility concerns. This comparative
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synthesis situates DL-nanozyme integration within the broader Al-biosensor landscape,
clarifying both its distinctive opportunities and remaining challenges.

5. Challenges and Future Perspectives

The future of Al-enhanced nanozyme-based biosensing depends on overcoming sev-
eral interconnected obstacles. For clarity, these can be prioritized into four tiers, each paired
with research opportunities that represent the most logical next steps:

5.1. Most Pressing: Data Standardization and Model Generalizability

The lack of high-quality, standardized biosensing datasets is the single greatest bottle-
neck, as it directly limits reproducibility and cross-platform deployment. Future direction:
creation of open, annotated biosensor databases and adoption of federated learning frame-
works to improve generalizability while protecting data privacy.

5.2. Model Interpretability and Clinical Trust

Although DL offers powerful predictive capabilities, its “black box” nature poses chal-
lenges for adoption in biosensing and clinical diagnostics. For nanozyme-based sensors,
interpretability is particularly critical because clinicians and end-users must understand
how sensor outputs are generated from complex raw signals (e.g., colorimetric, electro-
chemical, or spectroscopic data). Lack of transparency can undermine trust in POC devices,
even when analytical accuracy is high. Therefore, model-agnostic explainability tools
(e.g., SHAP, Grad-CAM) and inherently interpretable architectures should be integrated to
clarify how features are extracted and decisions are made. Such approaches are especially
important for safety-critical applications—including cancer biomarker detection, infectious
disease screening, and environmental monitoring—where reliable sensor readouts directly
impact decision-making.

5.3. Technical Integration: Real-Time Deployment and IoT Compatibility

Variability in smartphones, calibration issues, and environmental noise complicate
field use. Future direction: optimization of lightweight edge-Al models and standardized
calibration protocols to ensure robustness under real-world conditions, especially for
Internet of Medical Things (IoMT)-enabled platforms.

5.4. Matrix Effects and Real-Sample Validation

Although DL-enhanced nanozyme biosensors show excellent performance in standard
solutions, their translation to real biological or environmental samples poses additional
challenges. Complex sample matrices (e.g., blood, serum, milk, wastewater) can introduce
matrix effects such as nonspecific adsorption, autofluorescence, and interfering ions, which
reduce catalytic activity and signal fidelity. Furthermore, variability among real samples
often undermines the robustness of DL models trained on controlled datasets. Addressing
these issues will require improved surface passivation of nanozymes, rigorous validation
in clinically relevant matrices, and the integration of adaptive or transfer learning strategies
to maintain model accuracy across heterogeneous real-world conditions.

5.5. Long-Term Materials Challenge: Synthetic Control and Biocompatibility

Batch-to-batch variability and unresolved safety concerns remain barriers to clinical
translation. Future direction: advances in atomic-level control (e.g., SANs/DANs) and
surface modification, along with rigorous in vivo safety and biodegradability studies, will
be essential for regulatory approval.

Taken together, this tiered framework highlights a progression from urgent, short-term
challenges (data availability and model trustworthiness) to medium-term integration hur-
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dles (real-world deployment and IoMT compatibility) and finally to long-term translational
issues (synthetic reproducibility and biocompatibility). This prioritization not only clarifies
where research investment is most critical but also outlines a coherent roadmap: establish
reliable data infrastructure, ensure interpretability and clinical trust, achieve robust deploy-
ment in mobile and IoT systems, and ultimately secure safe, reproducible materials for
clinical translation.

Beyond these technical and scientific priorities, it is essential to anchor DL-nanozyme-
based biosensing within the broader realities of 2025 research and commercialization. The
COVID-19 pandemic accelerated demand for decentralized and mobile diagnostics, catalyz-
ing the widespread integration of Al with biosensors across infectious disease, oncology,
and metabolic health. Recent advances in smartphone- and IoMT-enabled biosensing al-
ready demonstrate how DL can deliver automated, low-cost, and user-friendly diagnostics
in both field and home settings. At the same time, major funding initiatives—including NIH
programs on Al for precision health, Horizon Europe calls for Al in medical diagnostics,
and Korea’s NRF programs on Al-driven biosensors—reflect strong global investment in
this space. Commercially, start-ups and established companies are translating Al-enhanced
biosensors into POC devices for glucose monitoring, cardiovascular risk assessment, and
infectious disease screening, underscoring the momentum toward real-world deployment.
Against this backdrop, DL-nanozyme biosensors occupy a strategically important niche:
their catalytic robustness supports affordable and portable testing, while their compatibility
with Al analytics enables intelligent, networked healthcare solutions. This convergence
demonstrates not only technological feasibility but also clear translational potential in the
near term.

6. Conclusions

The convergence of DL and nanozyme-based biosensing has initiated a transformative
shift in the development of intelligent, portable, and highly sensitive diagnostic platforms.
By harnessing the unique catalytic properties of nanozymes alongside the robust pattern
recognition and feature extraction capabilities of DL models, researchers have enabled
smartphone-integrated systems capable of real-time, on-site, and multiplexed detection
across diverse biomedical and environmental targets.

Recent advances have enabled the integration of DL algorithms—such as CNNSs,
YOLO architectures, and MobileNet variants—with colorimetric, electrochemical, and
spectroscopic sensing modalities. These DL-enhanced platforms offer automated signal in-
terpretation, high-throughput analysis, and minimal user input, aligning with the demands
of POC and resource-constrained diagnostics. Moreover, innovations such as dual-mode
detection, sensor arrays, and multifunctional nanozymes have significantly broadened the
versatility and application scope of these systems.

However, critical challenges remain, including data standardization, model inter-
pretability, deployment robustness in real-world settings, and the biocompatibility of
nanozymes. Overcoming these limitations will require close interdisciplinary collaboration
among materials scientists, chemists, computer scientists, and clinicians.

The future of DL-enhanced nanozyme-based biosensors is highly promising. Emerging
advances in federated learning, IoMT integration, sustainable nanomaterial development,
and personalized analytics are expected to drive the development of next-generation
diagnostic platforms that are accurate, scalable, adaptive, and broadly accessible.
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Abbreviations

The following abbreviations are used in this manuscript:

ABTS 2,2’-azino-bis(3-ethylbenzothiazoline-6-sulfonic acid ammonium salt)

Al artificial intelligence

ASSURED Affordable, Sensitive, Specific, User-friendly, Rapid and robust, Equipment-free,
and Deliverable

CNN convolutional neural network
COF covalent organic framework
CQD carbon quantum dot
CSAs colorimetric sensor arrays
DAN dual-atom nanozyme
DFT density functional theory
DL deep learning
DNN deep neural network
FTIR Fourier transform infrared spectroscopy
GO graphene oxide
HCA hierarchical clustering analysis
HNCs hollow nanocubes
HSV hue-saturation-value
IoMT Internet of Medical Things
LDA linear discriminant analysis
ML machine learning
MOF metal-organic framework
OER oxygen evolution reaction
OVs oxygen vacancies
POC point-of-care
RGB red-green-blue
ROS reactive oxygen species
SAN single-atom nanozyme
SERS surface-enhanced Raman scattering
SPR surface plasmon resonance
TMB 3,3,5,5’-tetramethylbenzidine
YOLO You Only Look Once
References
1. Tian, Q.; Li, S.; Tang, Z.; Zhang, Z.; Du, D.; Zhang, X.; Niu, X,; Lin, Y. Nanozyme-Enabled Biomedical Diagnosis: Advances,
Trends, and Challenges. Adv. Healthc. Mater. 2025, 14, 2401630. [CrossRef] [PubMed]
2. Fang,].; Wang, Y,; Jiang, Y.; Li, T.; Qiu, X. Advances in Total Antioxidant Capacity Detection Based on Nanozyme. Talanta 2025,
292,127941. [CrossRef] [PubMed]
3. Singh, R,; Sharma, A.; Bainik, O.; Navyatha, B.; Santhosh, C.; Banoth, E.; Balaji, R.; Chandrasekar, N.; Kumar, S.; Daima, H.K.
Emerging Trends, and Prospects in Nanozyme Engineering to Enhance Dual-Mode Sensing Applications. Coord. Chem. Rev. 2025,
540, 216768. [CrossRef]
4. Wei, H.; Gao, L.; Fan, K;; Liu, J.; He, J.; Qu, X,; Dong, S.; Wang, E.; Yan, X. Nanozymes: A Clear Definition with Fuzzy Edges.

Nano Today 2021, 40, 101269. [CrossRef]


https://doi.org/10.1002/adhm.202401630
https://www.ncbi.nlm.nih.gov/pubmed/39139016
https://doi.org/10.1016/j.talanta.2025.127941
https://www.ncbi.nlm.nih.gov/pubmed/40088770
https://doi.org/10.1016/j.ccr.2025.216768
https://doi.org/10.1016/j.nantod.2021.101269

Biosensors 2025, 15, 571 24 of 29

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.
26.

27.

28.

29.
30.

31.

Chang, Z.; Fu, Q.; Wang, M.; Duan, D. Advances of Nanozyme-Driven Multimodal Sensing Strategies in Point-of-Care Testing.
Biosensors 2025, 15, 375. [CrossRef]

Patil, P.D.; Karvekar, A.; Salokhe, S.; Tiwari, M.S.; Nadar, S5.S. When Nanozymes Meet Enzyme: Unlocking the Dual-Activity
Potential of Integrated Biocomposites. Int. ]. Biol. Macromol. 2024, 271, 132357. [CrossRef]

Yang, M.; Wang, Z.; Su, M.; Zhu, S.; Xie, Y.; Ying, B. Smart Nanozymes for Diagnosis of Bacterial Infection: The Next Frontier
from Laboratory to Bedside Testing. ACS Appl. Mater. Interfaces 2024, 16, 44361-44375. [CrossRef]

Mahmudunnabi, R.G.; Farhana, F.Z.; Kashaninejad, N.; Firoz, S.H.; Shim, Y.-B.; Shiddiky, M.].A. Nanozyme-based electrochemical
biosensors for disease biomarker detection. Analyst 2020, 145, 4398-4420. [CrossRef]

Kurup, C.P.; Ahmed, M.U. Nanozymes towards Personalized Diagnostics: A Recent Progress in Biosensing. Biosensors 2023, 13,
461. [CrossRef]

Xu, K,; Cui, Y.; Guan, B,; Qin, L.; Feng, D.; Abuduwayiti, A.; Wu, Y.; Li, H.; Cheng, H.; Li, Z. Nanozymes with Biomimetically
Designed Properties for Cancer Treatment. Nanoscale 2024, 16, 7786-7824. [CrossRef]

Jiang, S.; Su, G.; Wu, J.; Song, C.; Lu, Z.; Wu, C.; Wang, Y.; Wang, P.; He, M.; Zhao, Y.; et al. Co3O,4/CoFe;O, Hollow Nanocube
Multifunctional Nanozyme with Oxygen Vacancies for Deep-Learning-Assisted Smartphone Biosensing and Organic Pollutant
Degradation. ACS Appl. Mater. Interfaces 2023, 15, 11787-11801. [CrossRef] [PubMed]

Wang, J.; Huang, Z.; Yu, X.; Zhou, B.; Xu, W.; Zhou, X.; Chen, Z. Smartphone-Based Bimetallic Single-Atom Nanozyme Sensor
Array Integrated with Deep Learning for Rapid Biothiol Detection. ACS Appl. Nano Mater. 2025, 8, 5481-5493. [CrossRef]

Gao, Y;; Zhu, Z.; Chen, Z.; Guo, M.; Zhang, Y.; Wang, L.; Zhu, Z. Machine Learning in Nanozymes: From Design to Application.
Biomater. Sci. 2024, 12, 2229-2243. [CrossRef] [PubMed]

Yu, Y.; Zhang, M.; Fan, K. Artificial Intelligence-Driven Revolution in Nanozyme Design: From Serendipity to Rational Engineer-
ing. Mater. Horiz. 2025. [CrossRef]

Xuan, W.; Li, X.; Gao, H.; Zhang, L.; Hu, J.; Sun, L.; Kan, H. Artificial Intelligence Driven Platform for Rapid Catalytic Performance
Assessment of Nanozymes. Sci. Rep. 2025, 15, 13305. [CrossRef]

Bai, Y.; Nie, S.; Gao, W.; Li, N.; Zhu, P.; Zhang, L.; Yu, J. Enzyme-Nanozyme Cascade Flow Reactor Synergy with Deep Learning
for Differentiation and Point-of-Care Testing of Multiple Organophosphorus Pesticides. Adv. Funct. Mater. 2025, 35, 2419499.
[CrossRef]

Acquarell, J.; van Laarhoven, T.; Gerretzen, J.; Tran, T.N.; Buydens, L.M.C.; Marchiori, E. Convolutional Neural Networks for
Vibrational Spectroscopic Data Analysis. Anal. Chim. Acta 2017, 954, 22-31. [CrossRef]

Kautz, E.; Ma, W,; Jana, S.; Devaraj, A.; Joshi, V.; Yener, B.; Lewis, D. An Image-Driven Machine Learning Approach to Kinetic
Modeling of A Discontinuous Precipitation Reaction. Mater. Charact. 2020, 166, 110379. [CrossRef]

Rajapakse, D.; Meckstroth, ].; Jantz, D.T.; Camarda, K.V.; Yao, Z.; Leonard, K.C. Deconvoluting Kinetic Rate Constants of Catalytic
Substrates from Scanning Electrochemical Approach Curves with Artificial Neural Networks. ACS Meas. Sci. Au 2023, 3, 103-112.
[CrossRef]

Li, Y.,; Zhang, W.; Cui, Z.; Shi, L.; Shang, Y.; Ji, Y.; Wang, J. Machine Learning-Assisted Nanosensor Arrays: An Efficiently
High-Throughput Food Detection Analysis. Trends Food Sci. Technol. 2024, 149, 104564. [CrossRef]

Liu, P; Shi, C.; Liu, Y; Yang, F; Yang, Y. Development of Al-Integrated Smartphone Sponge-Based Sensors Utilizing His@Co-NC
Nanozymes for Highly Sensitive Sarcosine Detection. Biosens. Bioelectron. 2025, 286, 117621. [CrossRef] [PubMed]

Chen, X,; Liu, J.; Tang, Z.; Liu, S.; Peng, ]J.; Liang, H.; Niu, X. Machine Learning-Enabled Time-Resolved Nanozyme-Encoded
Recognition of Endogenous Mercaptans for Disease Diagnosis. Anal. Chem. 2025, 97, 10463-10473. [CrossRef] [PubMed]

Das, B.; Franco, J.L.; Logan, N.; Balasubramanian, P.; Kim, M.I.; Cao, C. Nanozymes in Point-of-Care Diagnosis: An Emerging
Futuristic Approach for Biosensing. Nano-Micro Lett. 2021, 13, 193. [CrossRef] [PubMed]

Wang, R.; Du, Y,; Fu, Y;; Guo, Y.; Gao, X.; Guo, X.; Wei, ].; Yang, Y. Ceria-Based Nanozymes in Point-of-Care Diagnosis: An
Emerging Futuristic Approach for Biosensing. ACS Sens. 2023, 8, 4442-4467. [CrossRef]

Kapoor, S.; Narayanan, A. Leakage and the Reproducibility Crisis in Machine-Learning-Based Science. Patterns 2023, 4. [CrossRef]
Songca, S.P. Applications of Nanozymology in the Detection and Identification of Viral, Bacterial and Fungal Pathogens. Int. J.
Mol. Sci. 2022, 23, 4638. [CrossRef]

Irkham, I.; Ibrahim, A.U.; Nwekwo, C.W.; Al-Turjman, F.; Hartati, Y W. Current Technologies for Detection of COVID-19:
Biosensors, Artificial Intelligence and Internet of Medical Things (IoMT): Review. Sensors 2022, 23, 426. [CrossRef]

Cheng, X,; Liu, S.; Hu, Y. Recent Advances in Nanozyme Sensors Based on Metal-Organic Frameworks and Covalent-Organic
Frameworks. Biosensors 2024, 14, 520. [CrossRef]

Zandieh, M;; Liu, ]. Nanozymes: Definition, Activity, and Mechanisms. Adv. Mater. 2024, 36, 2211041. [CrossRef]

Keum, C.; Hirschbiegel, C.-M.; Chakraborty, S.; Jin, S.; Jeong, Y.; Rotello, V.M. Biomimetic and Bioorthogonal Nanozymes for
Biomedical Applications. Nano Converg. 2023, 10, 42. [CrossRef]

Halmagyi, T.G.; Noureen, L.; Szerlauth, A.; Szilagyi, I. Engineering Inorganic Nanozyme Architectures for Decomposition of
Reactive Oxygen Species. Dalton Trans. 2024, 53, 14132-14138. [CrossRef] [PubMed]


https://doi.org/10.3390/bios15060375
https://doi.org/10.1016/j.ijbiomac.2024.132357
https://doi.org/10.1021/acsami.4c07043
https://doi.org/10.1039/D0AN00558D
https://doi.org/10.3390/bios13040461
https://doi.org/10.1039/D4NR00155A
https://doi.org/10.1021/acsami.2c22136
https://www.ncbi.nlm.nih.gov/pubmed/36802380
https://doi.org/10.1021/acsanm.4c07197
https://doi.org/10.1039/D4BM00169A
https://www.ncbi.nlm.nih.gov/pubmed/38497247
https://doi.org/10.1039/D5MH00719D
https://doi.org/10.1038/s41598-025-96815-9
https://doi.org/10.1002/adfm.202419499
https://doi.org/10.1016/j.aca.2016.12.010
https://doi.org/10.1016/j.matchar.2020.110379
https://doi.org/10.1021/acsmeasuresciau.2c00056
https://doi.org/10.1016/j.tifs.2024.104564
https://doi.org/10.1016/j.bios.2025.117621
https://www.ncbi.nlm.nih.gov/pubmed/40446613
https://doi.org/10.1021/acs.analchem.5c01539
https://www.ncbi.nlm.nih.gov/pubmed/40340311
https://doi.org/10.1007/s40820-021-00717-0
https://www.ncbi.nlm.nih.gov/pubmed/34515917
https://doi.org/10.1021/acssensors.3c01692
https://doi.org/10.1016/j.patter.2023.100804
https://doi.org/10.3390/ijms23094638
https://doi.org/10.3390/s23010426
https://doi.org/10.3390/bios14110520
https://doi.org/10.1002/adma.202211041
https://doi.org/10.1186/s40580-023-00390-6
https://doi.org/10.1039/D4DT01874E
https://www.ncbi.nlm.nih.gov/pubmed/39133078

Biosensors 2025, 15, 571 25 of 29

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.
48.

49.
50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

Wang, P.; Min, D.; Chen, G.; Li, M,; Tong, L.; Cao, Y. Inorganic Nanozymes: Prospects for Disease Treatments and Detection
Applications. Front. Chem. 2021, 9, 773285. [CrossRef] [PubMed]

Thao, N.T.M.; Do, H.D.K.; Nam, N.N.; Tran, N.K.S,; Dan, T.T.; Trinh, K.T.L. Antioxidant Nanozymes: Mechanisms, Activity
Manipulation, and Applications. Micromachines 2023, 14, 1017. [CrossRef] [PubMed]

Feng, Z.; Guo, Y.; Zhang, Y.; Zhang, A.; Jia, M.; Yin, J.; Shen, G. Nanozymes: A Bibliometrics Review. J. Nanobiotechnol. 2024,
22,704. [CrossRef]

Liu, Q.; Zhang, A.; Wang, R.; Zhang, Q.; Cui, D. A Review on Metal- and Metal Oxide-Based Nanozymes: Properties, Mechanisms,
and Applications. Nano-Micro Lett. 2021, 13, 154. [CrossRef]

Lewandowska, H.; Wéjciuk, K.; Karczmarczyk, U. Metal Nanozymes: New Horizons in Cellular Homeostasis Regulation. Appl.
Sci. 2021, 11, 9019. [CrossRef]

Sun, H.; Bai, Y,; Zhao, D.; Wang, J.; Qiu, L. Transition-Metal-Oxide-Based Nanozymes for Antitumor Applications. Materials 2024,
17,2896. [CrossRef]

Zhang, N.; Du, Y,; Zhang, Z.; Zhu, L.; Jiang, L. Microbe-Mediated Synthesis of Defect-Rich CeO, Nanoparticles with Oxidase-Like
Activity for Colorimetric Detection of L-Penicillamine and Glutathione. Nanoscale 2025, 17, 4142-4151. [CrossRef]

Li, P; Yuan, W.; Hu, K. Porous CeO, Nanozyme with Visible-Light-Enhanced Catalase-Mimicking Activities by Ligand-to-Metal
Charge Transfer. iScience 2025, 28, 112149. [CrossRef]

Yuan, Y,; Liu, Y.; Shen, Z.; Wu, H.; Meng, L.; Guo, X,; Jiang, B.; Fang, L. Ultrafast Synthesis of L-His-Fe304 Nanozymes with
Enhanced Peroxidase-Like Activity for Effective Antibacterial Applications. Front. Bioeng. Biotechnol. 2025, 13, 1548025. [CrossRef]
Jia, H.;; Gong, ].; Hu, Z.; Wen, T,; Li, C.; Chen, Y.; Huang, J.; He, W. Antioxidant Carbon Dots Nanozymes Alleviate Stress-Induced
Depression by Modulating Gut Microbiota. Langmuir 2024, 40, 19739-19750. [CrossRef] [PubMed]

Sénchez-Tirado, E.; Yafiez-Sedefio, P.; Pingarrén, ].M. Carbon-Based Enzyme Mimetics for Electrochemical Biosensing. Microma-
chines 2023, 14, 1746. [CrossRef] [PubMed]

Zhang, X.; Wu, X.; Zhang, J.; Xu, H.; Yu, X. Recent Progress in Graphitic Carbon Nitride-Based Materials for Antibacterial
Applications: Synthesis, Mechanistic Insights, and Utilization. Microstructures 2024, 4, 2024017. [CrossRef]

Zhang, Z.; Li, Y;; Yuan, Z.; Wu, L.; Ma, J.; Tan, W,; Sun, Y.; Zhang, G.; Chai, H. MOF Nanozymes: Active Sites and Sensing
Applications. Inorg. Chem. Front. 2025, 12, 400. [CrossRef]

Hou, H.; Wang, L.; Gao, Y.; Ping, J.; Zhao, F. Recent Advances in Metal-Organic Framework-Based Nanozymes and Their Enabled
Optical Biosensors for Food Safety Analysis. Trac-Trends Anal. Chem. 2024, 173, 117602. [CrossRef]

Zhang, Y.; Zhang, C.; Qian, W,; Lei, E; Chen, Z.; Wu, X,; Lin, Y.; Wang, F. Recent Advances in MOF-Based Nanozymes: Synthesis,
Activities, and Bioapplications. Biosens. Bioelectron. 2024, 263, 116593. [CrossRef]

Zhang, R.; Yan, X.; Fan, K. Nanozymes Inspired by Natural Enzymes. Acc. Mater. Res. 2021, 2, 534-547. [CrossRef]

Bi, R; Liu, J.; Cai, Y;; Zhang, S.; Lu, M.; Du, C,; Liu, M.; Ding, X,; Xiao, K,; Li, S.; et al. Dual-Atom Nanozymes: Synthesis,
Characterization, Catalytic Mechanism and Biomedical Applications. Colloid Surf. B-Biointerfaces 2025, 253, 114774. [CrossRef]
Jin, C.; Fan, S.; Zhuang, Z.; Zhou, Y. Single-Atom Nanozymes: From Bench to Bedside. Nano Res. 2023, 16, 1992-2002. [CrossRef]
Hou, L.; Jiang, G.; Sun, Y.; Zhang, X.; Huang, J.; Liu, S.; Lin, T.; Ye, E; Zhao, S. Progress and Trend on the Regulation Methods for
Nanozyme Activity and Its Application. Catalysts 2019, 9, 1057. [CrossRef]

Li, Z.; Gao, M; Shah, L.A.; Zhao, H.; Ye, D. Strategies for Regulating Catalytic Specificity of Nanozyme. Colloid Surf. B-Biointerfaces
2025, 255, 114925. [CrossRef]

Wang, Z.; Hou, Y.; Tang, G.; Li, Y;; Zhao, Y.; Yu, Y,; Wang, G.; Yan, X,; Fan, K. Intelligent Nanozymes: Biomimetic Design,
Mechanisms and Biomedical Applications. Fundam. Res. 2024. [CrossRef]

Tripathi, R.M.; Chung, S.J. Phytosynthesis of Palladium Nanoclusters: An Efficient Nanozyme for Ultrasensitive and Selective
Detection of Reactive Oxygen Species. Molecules 2020, 25, 3349. [CrossRef]

Moradi Hasan-Abad, A.; Shabankare, A.; Atapour, A.; Hamidi, G.A.; Salami Zavareh, M.; Sobhani-Nasab, A. The Application of
Peroxidase Mimetic Nanozymes in Cancer Diagnosis and Therapy. Front. Pharmacol. 2024, 15, 1339580. [CrossRef]

Wang, X.; Hou, L.; Dang, M,; Li, H.; Li, B.; Wu, J.; Gao, L. Catalytic Mechanism and Biomedical Applications of Diatomic
Nanozymes. Microstructures. 2025, 5, 2025052. [CrossRef]

Zong, X.; Xu, X.; Pang, D.-W.; Huang, X.; Liu, A.-A. Fine-Tuning Electron Transfer for Nanozyme Design. Adv. Healthc. Mater.
2025, 14, 2401836. [CrossRef]

Yuan, B.; Chou, H.-L.; Peng, Y.-K. Disclosing the Origin of Transition Metal Oxides as Peroxidase (and Catalase) Mimetics. ACS
Appl. Mater. Interfaces 2022, 14, 22728-22736. [CrossRef]

Zhang, R.; Zhao, H.; Fan, K. Structure-Activity Mechanism of Iron Oxide Nanozymes. In Nanozymes: Design, Synthesis, and
Applications; ACS Symposium Series; American Chemical Society: Washington, DC, USA, 2022; Volume 1422, pp. 1-35.

Chen, J.; Ma, Q.; Li, M.; Chao, D.; Huang, L.; Wu, W,; Fang, Y.; Dong, S. Glucose-Oxidase Like Catalytic Mechanism of Noble
Metal Nanozymes. Nat. Commun. 2021, 12, 3375. [CrossRef] [PubMed]


https://doi.org/10.3389/fchem.2021.773285
https://www.ncbi.nlm.nih.gov/pubmed/34900936
https://doi.org/10.3390/mi14051017
https://www.ncbi.nlm.nih.gov/pubmed/37241640
https://doi.org/10.1186/s12951-024-02907-5
https://doi.org/10.1007/s40820-021-00674-8
https://doi.org/10.3390/app11199019
https://doi.org/10.3390/ma17122896
https://doi.org/10.1039/D4NR03893B
https://doi.org/10.1016/j.isci.2025.112149
https://doi.org/10.3389/fbioe.2025.1548025
https://doi.org/10.1021/acs.langmuir.4c02481
https://www.ncbi.nlm.nih.gov/pubmed/39219094
https://doi.org/10.3390/mi14091746
https://www.ncbi.nlm.nih.gov/pubmed/37763909
https://doi.org/10.20517/microstructures.2023.77
https://doi.org/10.1039/D4QI02555E
https://doi.org/10.1016/j.trac.2024.117602
https://doi.org/10.1016/j.bios.2024.116593
https://doi.org/10.1021/accountsmr.1c00074
https://doi.org/10.1016/j.colsurfb.2025.114774
https://doi.org/10.1007/s12274-022-5060-5
https://doi.org/10.3390/catal9121057
https://doi.org/10.1016/j.colsurfb.2025.114925
https://doi.org/10.1016/j.fmre.2024.11.013
https://doi.org/10.3390/molecules25153349
https://doi.org/10.3389/fphar.2024.1339580
https://doi.org/10.20517/microstructures.2024.122
https://doi.org/10.1002/adhm.202401836
https://doi.org/10.1021/acsami.1c13429
https://doi.org/10.1038/s41467-021-23737-1
https://www.ncbi.nlm.nih.gov/pubmed/34099730

Biosensors 2025, 15, 571 26 of 29

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

Neal, C.J.; Kolanthai, E.; Wei, E; Coathup, M.; Seal, S. Surface Chemistry of Biologically Active Reducible Oxide Nanozymes. Adv.
Mater. 2024, 36, 2211261. [CrossRef] [PubMed]

Shen, H.; Chen, S.; Mo, S.-C.; Huang, H.; Liang, H.; Zhang, J.; Xu, Z.-L.; Liu, W.; Liu, Y. Dual-Active Centers Linked by Oxygen
Transfer for Enhancing Proximity-Orientation Effect of Nanozyme. Adv. Funct. Mater. 2025, 35, 2418360. [CrossRef]

Zhang, C.; Wang, X.; Dong, X.; Mei, L.; Wu, X,; Gu, Z.; Zhao, Y. X-Ray-Facilitated Redox Cycling of Nanozyme Possessing
Peroxidase-Mimicking Activity for Reactive Oxygen Species-Enhanced Cancer Therapy. Biomaterials 2021, 276, 121023. [CrossRef]
Xia, N.; Gao, F; Zhang, J.; Wang, J.; Huang, Y. Overview on the Development of Electrochemical Immunosensors by the Signal
Amplification of Enzyme- or Nanozyme-Based Catalysis Plus Redox Cycling. Molecules 2024, 29, 2796. [CrossRef]

ling, P; Song, D.; Yang, P; Tang, C.; Xu, W.; Wang, F. NIR-II-Responsive Versatile Nanozyme Based on H,O, Cycling and
Disrupting Cellular Redox Homeostasis for Enhanced Synergistic Cancer Therapy. ACS Biomater. Sci. Eng. 2024, 10, 5290-5299.
[CrossRef] [PubMed]

Zhu, X.; Chen, J.; Wu, B.; Huang, Y.; Zou, Y.; Liang, C.; Lu, Y; Luo, H.; Chen, L.; Chen, ]J. Polyvalent Copper Oxide Nanozymes:
Co-Delivery of ROS and NO for Inducing Cuproptosis-Like Bacterial Death Against MRSA Infections. Chem. Eng. |. 2024,
499, 156507. [CrossRef]

Guo, J.; Han, H.; Zhao, H.; Jia, D.; Yin, L.; Sha, ]. Cascade-Enhanced Based-Polyoxometalates Nanozyme for Glutathione Detection
and Tumor Cell Disruption. Talanta 2025, 291, 127890. [CrossRef] [PubMed]

Li, G,; Yang, J.; Zhang, Y.; Li, H.; Deng, K.; Huang, H. Light-Controlled Regulation of Dual-Enzyme Properties in YbGd-Carbon
Quantum Dots Nano-Hybrid for Advanced Biosensing. Anal. Chem. 2024, 96, 13455-13463. [CrossRef]

Zhu, X; Chen, X.; Huo, D.; Cen, J.; Jia, Z.; Liu, Y.; Liu, ]J. A Hybrid Nanozymes In Situ Oxygen Supply Synergistic Photother-
mal/Chemotherapy of Cancer Management. Biomater. Sci. 2021, 9, 5330-5343. [CrossRef]

Li, J.; Zhao, J.; Li, S.; Chen, Y.; Lv, W.; Zhang, ].; Zhang, L.; Zhang, Z.; Lu, X. Synergistic Effect Enhances the Peroxidase-Like
Activity in Platinum Nanoparticle-Supported Metal—Organic Framework Hybrid Nanozymes for Ultrasensitive Detection of
Glucose. Nano Res. 2021, 14, 4689-4695. [CrossRef]

Li, J.; Yi, W,; Luo, Y.; Yang, K.; He, L.; Xu, C,; Deng, L.; He, D. Gsh-Depleting and H,0,-Self-Supplying Hybrid Nanozymes
for Intensive Catalytic Antibacterial Therapy by Photothermal-Augmented Co-Catalysis. Acta Biomater. 2023, 155, 588-600.
[CrossRef]

Guo, J.; Zhang, X.; Yang, Y.; Zhu, X,; Chen, X,; Ye, G.; Liu, J. Reactive Oxygen Species-Mediated CuRuOX@HA Hybrid Nanozymes
for Multidrug-Resistant Bacterial Infections with Synergistic Photothermal Therapy. J. Mat. Chem. B 2023, 11, 5195-5206.
[CrossRef]

Zeng, X.; Ruan, Y.; Chen, Q.; Yan, S.; Huang, W. Biocatalytic Cascade in Tumor Microenvironment with a Fe;O3/Au Hybrid
Nanozyme for Synergistic Treatment of Triple Negative Breast Cancer. Chem. Eng. |. 2023, 452, 138422. [CrossRef]

Zhang, X; Li, G.; Wu, D.; Li, X,; Hu, N.; Chen, J.; Chen, G.; Wu, Y. Recent Progress in the Design Fabrication of Metal-Organic
Frameworks-Based Nanozymes and Their Applications to Sensing and Cancer Therapy. Biosens. Bioelectron. 2019, 137, 178-198.
[CrossRef]

Yang, P; Tao, J.; Chen, E; Chen, Y.; He, J.; Shen, K.; Zhao, P; Li, Y. Multienzyme-Mimic Ultrafine Alloyed Nanoparticles in Metal
Organic Frameworks for Enhanced Chemodynamic Therapy. Small 2021, 17, 2005865. [CrossRef]

Li, M.; Chen, J.; Wu, W,; Fang, Y.; Dong, S. Oxidase-like MOF-818 Nanozyme with High Specificity for Catalysis of Catechol
Oxidation. J. Am. Chem. Soc. 2020, 142, 15569-15574. [CrossRef]

Wang, D.; Zhang, L.; Wang, C.; Cheng, Z.; Zheng, W.; Xu, P.; Chen, Q.; Zhao, Y. Missing-Linker-Confined Single-Atomic Pt
Nanozymes for Enzymatic Theranostics of Tumor. Angew. Chem.-Int. Edit. 2023, 135, €202217995. [CrossRef]

Lai, C.-M,; Xiao, X.-S.; Chen, ].-Y.; He, W.-Y,; Wang, S.-S.; Qin, Y.; He, S.-H. Revolutionizing nanozymes: The Synthesis, Enzyme-
Mimicking Capabilities of Carbon Dots, and Advancements in Catalytic Mechanisms. Int. J. Biol. Macromol. 2025, 293, 139284.
[CrossRef] [PubMed]

Jimenez-Falcao, S.; Méndez-Arriaga, ] M.; Garcia-Almodévar, V.; Garcia-Valdivia, A.A.; Gémez-Ruiz, S. Gold Nanozymes: Smart
Hybrids with Outstanding Applications. Catalysts 2023, 13, 13. [CrossRef]

Ai, Y,; Hu, Z.-N,; Liang, X.; Sun, H.-b.; Xin, H.; Liang, Q. Recent Advances in Nanozymes: From Matters to Bioapplications. Adv.
Funct. Mater. 2022, 32,2110432. [CrossRef]

Yang, Y.; Tan, X.; Wang, Y.; Shen, B.; Yang, Y.; Huang, H. Heteroatom-Doped Nanozyme Progress and Perspectives: From
Synthesis Strategies to Biomedical Applications. Chem. Eng. ]. 2023, 468, 143703. [CrossRef]

Yan, H.; Wang, L.; Chen, Y,; Jiao, L.; Wu, Y.; Xu, W.; Gu, W.; Song, W.; Du, D.; Zhu, C. Fine-Tuning Pyridinic Nitrogen in
Nitrogen-Doped Porous Carbon Nanostructures for Boosted Peroxidase-Like Activity and Sensitive Biosensing. Research 2020,
2020, 8202584. [CrossRef]

Wang, X.; Wang, H.; Zhou, S. Progress and Perspective on Carbon-Based Nanozymes for Peroxidase-like Applications. J. Phys.
Chem. Lett. 2021, 12, 11751-11760. [CrossRef]


https://doi.org/10.1002/adma.202211261
https://www.ncbi.nlm.nih.gov/pubmed/37000888
https://doi.org/10.1002/adfm.202418360
https://doi.org/10.1016/j.biomaterials.2021.121023
https://doi.org/10.3390/molecules29122796
https://doi.org/10.1021/acsbiomaterials.4c00929
https://www.ncbi.nlm.nih.gov/pubmed/39011938
https://doi.org/10.1016/j.cej.2024.156507
https://doi.org/10.1016/j.talanta.2025.127890
https://www.ncbi.nlm.nih.gov/pubmed/40056648
https://doi.org/10.1021/acs.analchem.4c01560
https://doi.org/10.1039/D1BM00667C
https://doi.org/10.1007/s12274-021-3406-z
https://doi.org/10.1016/j.actbio.2022.10.050
https://doi.org/10.1039/D3TB00787A
https://doi.org/10.1016/j.cej.2022.138422
https://doi.org/10.1016/j.bios.2019.04.061
https://doi.org/10.1002/smll.202005865
https://doi.org/10.1021/jacs.0c07273
https://doi.org/10.1002/ange.202217995
https://doi.org/10.1016/j.ijbiomac.2024.139284
https://www.ncbi.nlm.nih.gov/pubmed/39736288
https://doi.org/10.3390/catal13010013
https://doi.org/10.1002/adfm.202110432
https://doi.org/10.1016/j.cej.2023.143703
https://doi.org/10.34133/2020/8202584
https://doi.org/10.1021/acs.jpclett.1c03219

Biosensors 2025, 15, 571 27 of 29

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.
93.

94.

95.

96.

97.

98.

99.

100.
101.

102.

103.

104.

105.

106.

107.
108.

109.
110.

Fan, K.; Xi, J.; Fan, L.; Wang, P.; Zhu, C; Tang, Y.; Xu, X,; Liang, M.; Jiang, B.; Yan, X; et al. In Vivo Guiding Nitrogen-Doped
Carbon Nanozyme for Tumor Catalytic Therapy. Nat. Commun. 2018, 9, 1440. [CrossRef] [PubMed]

Batool, I.; Anwar, A.; Imran, M.; Alvi, Z.I. Prospecting Carbon-Based Nanomaterials for Harnessing Multienzyme-Like Activities.
Top. Catal. 2025, 68, 823-855. [CrossRef]

Wu, Y,; Xu, W,; Jiao, L,; Tang, Y.; Chen, Y.; Gu, W.; Zhu, C. Defect Engineering in Nanozymes. Mater. Today 2022, 52, 327-347.
[CrossRef]

Zhang, R.; Xue, B.; Tao, Y.; Zhao, H.; Zhang, Z.; Wang, X.; Zhou, X,; Jiang, B.; Yang, Z.; Yan, X_; et al. Edge-Site Engineering of
Defective Fe-N4 Nanozymes with Boosted Catalase-Like Performance for Retinal Vasculopathies. Adv. Mater. 2022, 34, 2205324.
[CrossRef]

Dheyab, M.A.; Aziz, A A.; Abdullah, W.; Alanezi, S.T.; Kasasbeh, W.H.; Fohely, F; Khaniabadi, P.M.; Jameel, M.S.; Oladzadab-
basabadi, N.; Ghasemlou, M. Engineering Colloidal Nanozymes for Cancer Diagnosis and Therapy: From Surface Chemistry to
Catalytic Mechanisms and Precision Medicine. ACS Appl. Bio Mater. 2025, 8, 4514-4548. [CrossRef]

Jiang, ZW.; Gong, X.; Wang, Y.; Li, Y.F; Huang, C.Z. Engineering Metal-Organic Frameworks-Based Nanozymes for Enhanced
Biomimetic Catalytic Sensing. Trac-Trends Anal. Chem. 2024, 178, 117862. [CrossRef]

Lu, W,; Chen, ].; Kong, L.; Zhu, F; Feng, Z.; Zhan, ]. Oxygen Vacancies Modulation Mn3O4 Nanozyme with Enhanced Oxidase-
Mimicking Performance for 1-Cysteine Detection. Sens. Actuator B-Chem. 2021, 333, 129560. [CrossRef]

Sun, T.; Xiao, S.; Wang, M.; Xie, Q.; Zhang, L.; Gong, M.; Zhang, D.; Zhou, C. Reactive Oxygen Species Scavenging Nanozymes:
Emerging Therapeutics for Acute Liver Injury Alleviation. Int. |. Nanomed. 2023, 18, 7901-7922. [CrossRef]

Li, F; Qiu, Y,; Xia, F; Sun, H.; Liao, H.; Xie, A.; Lee, J.; Lin, P.; Wei, M.; Shao, Y.; et al. Dual Detoxification and Inflammatory
Regulation by Ceria Nanozymes for Drug-Induced Liver Injury Therapy. Nano Today 2020, 35, 100925. [CrossRef]

Huang, L.; Chen, J.; Gan, L.; Wang, J.; Dong, S. Single-Atom Nanozymes. Sci. Adv. 2019, 5, eaav5490. [CrossRef]

Iroegbu, A.O.C.; Teffo, M.L.; Sadiku, E.R. Cancer Therapy with Engineered Nanozymes: From Molecular Design to Tumour-
Responsive Catalysis. Nanomedicine 2025, 20, 1799-1817. [CrossRef] [PubMed]

Ballesteros, C.A.S.; Mercante, L.A.; Alvarenga, A.D.; Facure, M.H.M.; Schneider, R.; Correa, D.S. Recent Trends in Nanozymes
Design: From Materials and Structures to Environmental Applications. Mat. Chem. Front. 2021, 5, 7419-7451. [CrossRef]

Wang, Y.; Du, R; Lee, L.Y.S.; Wong, K.-Y. Rational Design and Structural Engineering of Heterogeneous Single-Atom Nanozyme
for Biosensing. Biosens. Bioelectron. 2022, 216, 114662. [CrossRef] [PubMed]

Cui, J.; Yu, X,; Li, X,; Yu, ].; Peng, L.; Wei, Z. Advances in Spin Regulation of M-N-C Single-Atom Catalysts and Their Applications
in Electrocatalysis. Chin. J. Catal. 2025, 69, 17-34. [CrossRef]

Qiao, W.; Chen, J.; Zhou, H.; Hu, C.; Dalangood, S.; Li, H.; Yang, D.; Yang, Y.; Gui, J. A Single-Atom Manganese Nanozyme
Mn-N/C Promotes Anti-Tumor Immune Response via Eliciting Type I Interferon Signaling. Adv. Sci. 2024, 11, 2305979. [CrossRef]
Ma, D,; Tang, Z.; Guan, X.; Liang, Z.; Liang, Q.; Jiao, Y.; Wang, L.; Ye, L.; Huang, H.; He, C.; et al. Unraveling Valence Electron
Number Dependent Excitonic Effects over M1-N3Cl1 Sites in Single-Atom Catalysts. ACS Nano 2024, 18, 6579—-6590. [CrossRef]
Wang, J.; Zhang, J.; Guo, K.; Yue, Q.; Yin, K; Xu, X.; Li, Y;; Gao, Y.; Gao, B. Coordination Number Regulation of Iron Single-Atom
Nanozyme for Enhancing H202 Activation and Selectively Eliminating Cephalosporin Antibiotics. Adv. Funct. Mater. 2024,
34, 2406790. [CrossRef]

Wong, K.-Y.; Wong, M.-S.; Liu, ]. Nanozymes for Treating Ocular Diseases. Adv. Healthc. Mater. 2025, 14, 2401309. [CrossRef]
Jiang, D.; Ni, D.; Rosenkrans, Z.T.; Huang, P.; Yan, X.; Cai, W. Nanozyme: New Horizons for Responsive Biomedical Applications.
Chem. Soc. Rev. 2019, 48, 3683-3704. [CrossRef]

Yang, M.; Wang, R.; Xie, Y.; Zhu, L.; Huang, J.; Xu, W. Applications of DNA Functionalized Gold Nanozymes in Biosensing.
Biosens. Bioelectron. 2025, 271, 116987. [CrossRef]

Shamsabadi, A.; Haghighi, T.; Carvalho, S.; Frenette, L.C.; Stevens, M.M. The Nanozyme Revolution: Enhancing the Performance
of Medical Biosensing Platforms. Adv. Mater. 2024, 36, 2300184. [CrossRef]

Lee, J.; Liao, H.; Wang, Q.; Han, J.; Han, J.-H.; Shin, H.E.; Ge, M.; Park, W.; Li, F. Exploration of Nanozymes In Viral Diagnosis and
Therapy. Exploration 2022, 2, 20210086. [CrossRef] [PubMed]

Huang, Y.; Ren, J.; Qu, X. Nanozymes: Classification, Catalytic Mechanisms, Activity Regulation, and Applications. Chem. Rev.
2019, 119, 4357—-4412. [CrossRef] [PubMed]

Chen, Z; Li, B.; Zhang, Y.; Shang, X.; Ma, C.; Gao, W.; Zhu, Z. Bioinspired Rational Design of Nanozymes. Mater. Horiz. 2025.
[CrossRef] [PubMed]

LeCun, Y,; Bengio, Y.; Hinton, G. Deep Learning. Nature 2015, 521, 436—444. [CrossRef]

Mienye, 1.D.; Swart, T.G. A Comprehensive Review of Deep Learning: Architectures, Recent Advances, and Applications.
Information 2024, 15, 755. [CrossRef]

Schmidhuber, ]. Deep Learning in Neural Networks: An Overview. Neural Netw. 2015, 61, 85-117. [CrossRef]

Alzahrani, M.; Usman, M.; Jarraya, S.K.; Anwar, S.; Helmy, T. Deep Models for Multi-view 3D Object Recognition: A Review.
Artif. Intell. Rev. 2024, 57, 323. [CrossRef]


https://doi.org/10.1038/s41467-018-03903-8
https://www.ncbi.nlm.nih.gov/pubmed/29650959
https://doi.org/10.1007/s11244-024-01910-2
https://doi.org/10.1016/j.mattod.2021.10.032
https://doi.org/10.1002/adma.202205324
https://doi.org/10.1021/acsabm.5c00495
https://doi.org/10.1016/j.trac.2024.117862
https://doi.org/10.1016/j.snb.2021.129560
https://doi.org/10.2147/IJN.S435544
https://doi.org/10.1016/j.nantod.2020.100925
https://doi.org/10.1126/sciadv.aav5490
https://doi.org/10.1080/17435889.2025.2520736
https://www.ncbi.nlm.nih.gov/pubmed/40531138
https://doi.org/10.1039/D1QM00947H
https://doi.org/10.1016/j.bios.2022.114662
https://www.ncbi.nlm.nih.gov/pubmed/36058027
https://doi.org/10.1016/S1872-2067(24)60204-4
https://doi.org/10.1002/advs.202305979
https://doi.org/10.1021/acsnano.3c12701
https://doi.org/10.1002/adfm.202406790
https://doi.org/10.1002/adhm.202401309
https://doi.org/10.1039/C8CS00718G
https://doi.org/10.1016/j.bios.2024.116987
https://doi.org/10.1002/adma.202300184
https://doi.org/10.1002/EXP.20210086
https://www.ncbi.nlm.nih.gov/pubmed/37324577
https://doi.org/10.1021/acs.chemrev.8b00672
https://www.ncbi.nlm.nih.gov/pubmed/30801188
https://doi.org/10.1039/D5MH00746A
https://www.ncbi.nlm.nih.gov/pubmed/40420816
https://doi.org/10.1038/nature14539
https://doi.org/10.3390/info15120755
https://doi.org/10.1016/j.neunet.2014.09.003
https://doi.org/10.1007/s10462-024-10941-w

Biosensors 2025, 15, 571 28 of 29

111.

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

128.

129.

130.

131.

132.

133.

Alom, M.Z.; Taha, T.M.; Yakopcic, C.; Westberg, S.; Sidike, P.; Nasrin, M.S.; Hasan, M.; Van Essen, B.C.; Awwal, A.A.S.; Asari, VK.
A State-of-the-Art Survey on Deep Learning Theory and Architectures. Electronics 2019, 8, 292. [CrossRef]

Alzubaidi, L.; Zhang, J.; Humaidi, A.J.; Al-Dujaili, A.; Duan, Y.; Al-Shamma, O.; Santamaria, J.; Fadhel, M.A.; Al-Amidie, M.;
Farhan, L. Review of Deep Learning: Concepts, CNN Architectures, Challenges, Applications, Future Directions. J. Big Data 2021,
8, 53. [CrossRef]

Singhal, C.M.; Kaushik, V.; Awasthi, A.; Zalke, J.B.; Palekar, S.; Rewatkar, P.; Srivastava, S.K.; Kulkarni, M.B.; Bhaiyya, M.L. Deep
Learning-Enhanced Portable Chemiluminescence Biosensor: 3D-Printed, Smartphone-Integrated Platform for Glucose Detection.
Bioengineering 2025, 12, 119. [CrossRef] [PubMed]

Bhaiyya, M.; Rewatkar, P.; Pimpalkar, A.; Jain, D.; Srivastava, S.K.; Zalke, J.; Kalambe, J.; Balpande, S.; Kale, P.; Kalantri, Y.; et al.
Deep Learning-Assisted Smartphone-Based Electrochemiluminescence Visual Monitoring Biosensor: A Fully Integrated Portable
Platform. Micromachines 2024, 15, 1059. [CrossRef] [PubMed]

Berezsky, O.; Liashchynskyi, P.; Pitsun, O.; Izonin, I. Synthesis of Convolutional Neural Network Architectures for Biomedical
Image Classification. Biomed. Signal Process. Control 2024, 95, 106325. [CrossRef]

Zhang, X.; Xu, J.; Yang, J.; Chen, L.; Zhou, H.; Liu, X,; Li, H,; Lin, T,; Ying, Y. Understanding the Learning Mechanism of
Convolutional Neural Networks in Spectral Analysis. Anal. Chim. Acta 2020, 1119, 41-51. [CrossRef]

Chin, C.-L.; Chang, C.-E.; Chao, L. Interpretable Multiscale Convolutional Neural Network for Classification and Feature
Visualization of Weak Raman Spectra of Biomolecules at Cell Membranes. ACS Sens. 2025, 10, 2652-2666. [CrossRef]

Zhang, X.; Lin, T,; Xu, J.; Luo, X.; Ying, Y. DeepSpectra: An End-to-End Deep Learning Approach for Quantitative Spectral
Analysis. Anal. Chim. Acta 2019, 1058, 48-57. [CrossRef]

Jin, K.-X; Shen, J.; Wang, Y.-J.; Yang, Y.; Cao, S.-H. Enhanced Nanoparticle Recognition via Deep Learning-Accelerated Plasmonic
Sensing. Biosensors 2024, 14, 363. [CrossRef]

Oiticica, PR.A.; Angelim, M.K.S.C.; Soares, J.C.; Soares, A.C.; Proenca-Mddena, J.L.; Bruno, O.M.; Oliveira, O.N., Jr. Using
Machine Learning and Optical Microscopy Image Analysis of Immunosensors Made on Plasmonic Substrates: Application to
Detect the SARS-CoV-2 Virus. ACS Sens. 2025, 10, 1407-1418. [CrossRef]

Thadson, K.; Sasivimolkul, S.; Suvarnaphaet, P; Visitsattapongse, S.; Pechprasarn, S. Measurement Precision Enhancement of
Surface Plasmon Resonance Based Angular Scanning Detection Using Deep Learning. Sci. Rep. 2022, 12, 2052. [CrossRef]
Madsen, ].@.; Topalian, S.O.N.; Jacobsen, M.E,; Skovby, T.; Gernaey, K.V.; Myerson, A.S.; Woodley, ]. Raman Spectroscopy and
One-Dimensional Convolutional Neural Network Modeling as A Real-Time Monitoring Tool for In Vitro Transaminase-Catalyzed
Synthesis of A Pharmaceutically Relevant Amine Precursor. Biotechnol. Prog. 2024, 40, e3444. [CrossRef]

Nitika, N.; Keerthiveena, B.; Thakur, G.; Rathore, A.S. Convolutional Neural Networks Guided Raman Spectroscopy as a Process
Analytical Technology (PAT) Tool for Monitoring and Simultaneous Prediction of Monoclonal Antibody Charge Variants. Pharm.
Res. 2024, 41, 463-479. [CrossRef]

Fu, J. Research on Meat Adulteration Based on One-Dimensional Convolutional Neural Network (IDCNN) Combined with
Electrochemical Technology. |. Food Meas. Charact. 2024, 18, 5720-5728. [CrossRef]

Gecgel, O.; Ramanujam, A.; Botte, G.G. Selective Electrochemical Detection of SARS-CoV-2 Using Deep Learning. Viruses 2022,
14,1930. [CrossRef] [PubMed]

Okubo, K.; Thik, J.; Yamaguchi, T.; Ling, C. Computer Vision Enabled High-Quality Electrochemical Experimentation. Digit.
Discov. 2024, 3, 2183-2191. [CrossRef]

Hoar, B.B.; Zhang, W.; Chen, Y.; Sun, J.; Sheng, H.; Zhang, Y.; Chen, Y; Yang, ].Y.; Costentin, C.; Gu, Q.; et al. Redox-Detecting
Deep Learning for Mechanism Discernment in Cyclic Voltammograms of Multiple Redox Events. ACS Electrochem. 2025, 1, 52-62.
[CrossRef]

Hoar, B.B.; Zhang, W.; Xu, S.; Deeba, R.; Costentin, C.; Gu, Q.; Liu, C. Electrochemical Mechanistic Analysis from Cyclic
Voltammograms Based on Deep Learning. ACS Meas. Sci. Au 2022, 2, 595-604. [CrossRef]

Huang, J.; Li, Y.; Meng, B.; Zhang, Y.; Wei, Y.; Dai, X.; An, D.; Zhao, Y.; Fang, X. ProteoNet: A CNN-Based Framework for
Analyzing Proteomics MS-RGB Images. iScience 2024, 27, 111362. [CrossRef]

Zompola, A.; Korfiati, A.; Theofilatos, K.; Mavroudi, S. Omics-CNN: A Comprehensive Pipeline for Predictive Analytics in
Quantitative Omics Using One-Dimensional Convolutional Neural Networks. Heliyon 2023, 9, €21165. [CrossRef]

Kopylov, A.T.; Petrovsky, D.V.; Stepanov, A.A.; Rudnev, V.R.; Malsagova, K.A.; Butkova, T.V.; Zakharova, N.V,; Kostyuk, G.P,;
Kulikova, L.I.; Enikeev, D.V,; et al. Convolutional Neural Network in Proteomics and Metabolomics for Determination of
Comorbidity between Cancer And Schizophrenia. J. Biomed. Inform. 2021, 122, 103890. [CrossRef]

Li, R;; Zhang, D.; Han, Y.; Liu, Z.; Zhang, Q.; Zhang, Q.; Wang, X.; Pan, S.; Sun, J.; Wang, K. Hybrid Deep Learning Approaches
for Improved Genomic Prediction in Crop Breeding. Agriculture 2025, 15, 1171. [CrossRef]

Samukhina, Y.V.; Matyushin, D.D.; Grinevich, O.L; Buryak, A K. A Deep Convolutional Neural Network for Prediction of Peptide
Collision Cross Sections in Ion Mobility Spectrometry. Biomolecules 2021, 11, 1904. [CrossRef] [PubMed]


https://doi.org/10.3390/electronics8030292
https://doi.org/10.1186/s40537-021-00444-8
https://doi.org/10.3390/bioengineering12020119
https://www.ncbi.nlm.nih.gov/pubmed/40001639
https://doi.org/10.3390/mi15081059
https://www.ncbi.nlm.nih.gov/pubmed/39203710
https://doi.org/10.1016/j.bspc.2024.106325
https://doi.org/10.1016/j.aca.2020.03.055
https://doi.org/10.1021/acssensors.4c03260
https://doi.org/10.1016/j.aca.2019.01.002
https://doi.org/10.3390/bios14080363
https://doi.org/10.1021/acssensors.4c03451
https://doi.org/10.1038/s41598-022-06065-2
https://doi.org/10.1002/btpr.3444
https://doi.org/10.1007/s11095-024-03663-9
https://doi.org/10.1007/s11694-024-02601-y
https://doi.org/10.3390/v14091930
https://www.ncbi.nlm.nih.gov/pubmed/36146738
https://doi.org/10.1039/D4DD00213J
https://doi.org/10.1021/acselectrochem.4c00014
https://doi.org/10.1021/acsmeasuresciau.2c00045
https://doi.org/10.1016/j.isci.2024.111362
https://doi.org/10.1016/j.heliyon.2023.e21165
https://doi.org/10.1016/j.jbi.2021.103890
https://doi.org/10.3390/agriculture15111171
https://doi.org/10.3390/biom11121904
https://www.ncbi.nlm.nih.gov/pubmed/34944547

Biosensors 2025, 15, 571 29 of 29

134.

135.

136.

137.

138.

139.

140.

141.

142.

Park, Y.-S.; Park, B.U.; Jeon, H.-J]. Advances in Machine Learning-Enhanced Nanozymes. Front. Chem. 2024, 12, 1483986.
[CrossRef] [PubMed]

Qin, Y;; Zhong, X; Liang, C.; Liang, Z.; Nong, Y.; Deng, L.; Guo, Y.; Li, J.; Zhang, M.; Tang, S.; et al. Nanozyme-Based Colorimetric
Sensor Arrays Coupling with Smartphone for Discrimination And “Segmentation-Extraction-Regression” Deep Learning Assisted
Quantification of Flavonoids. Biosens. Bioelectron. 2024, 263, 116604. [CrossRef]

Liu, J.; Chen, X,; Diao, Q.; Tang, Z.; Niu, X. Machine-Learning-Assisted Nanozyme-Based Sensor Arrays: Construction, Empower-
ment, and Applications. Biosensors 2025, 15, 344. [CrossRef]

Qiu, H,; Py, F; Ran, X;; Liu, C,; Ren, J.; Qu, X. Nanozyme as Artificial Receptor with Multiple Readouts for Pattern Recognition.
Anal. Chem. 2018, 90, 11775-11779. [CrossRef]

Gao, J.; Pu, K; Lin, H.; Zhao, X. The Perovskite-Like La0.965r0.04NiO3-5 Nanozyme Based on Deep Learning Assisted Colorimet-
ric and Intelligent Detection for Epinephrine. |. Phys. Chem. Solids, 2025; 200, 112563. [CrossRef]

Sun, M.; Gao, J.; Pu, K;; Liu, T.; Su, G.; Wu, C.; Lu, Z.; Zhao, X. SrCoNiOj3.5 Perovskite Nanozyme for Deep-Learning-Assisted
Intelligent Detection of Dopamine Hydrochloride and Cd?+. Mater. Chem. Phys. 2025, 329, 129970. [CrossRef]

Zhong, X.; Qin, Y,; Liang, C.; Liang, Z.; Nong, Y.; Luo, S.; Guo, Y.; Yang, Y.; Wei, L.; Li, J.; et al. Smartphone-Assisted Nanozyme
Colorimetric Sensor Array Combined “Image Segmentation-Feature Extraction” Deep Learning for Detecting Unsaturated Fatty
Acids. ACS Sens. 2024, 9, 5167-5178. [CrossRef]

Zhang, Y.; Wang, M.; Shao, C.; Liu, T,; Sun, M.; Wu, C,; Su, G.; Wang, Y.; Ye, J.; Hu, H.; et al. Nanozyme-Induced Deep
Learning-Assisted Smartphone Integrated Colorimetric and Fluorometric Dual-Mode for Detection of Tetracycline Analogs. Anal.
Chim. Acta. 2024, 1297, 342373. [CrossRef]

Huang, S.; Xiang, H.; Lv, J.; Zhu, D.; Yu, L.; Guo, Y.; Xu, L. Au Nanozyme-Based Colorimetric Sensor Array Integrates Machine
Learning to Identify and Discriminate Monosaccharides. J. Colloid Interface Sci. 2024, 672, 200-208. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.3389/fchem.2024.1483986
https://www.ncbi.nlm.nih.gov/pubmed/39483853
https://doi.org/10.1016/j.bios.2024.116604
https://doi.org/10.3390/bios15060344
https://doi.org/10.1021/acs.analchem.8b03807
https://doi.org/10.1016/j.jpcs.2025.112563
https://doi.org/10.1016/j.matchemphys.2024.129970
https://doi.org/10.1021/acssensors.4c01142
https://doi.org/10.1016/j.aca.2024.342373
https://doi.org/10.1016/j.jcis.2024.06.003

	Introduction 
	Fundamentals of Nanozymes for Biosensing 
	Definition and Classification of Nanozymes 
	Catalytic Mechanisms and Active Site Engineering 
	Catalytic Mechanisms of Nanozymes 
	Active Site Engineering for Improved Performance 

	Advantages and Limitations of Nanozymes in Biosensing 
	Advantages of Nanozymes in Biosensing 
	Limitations of Nanozymes in Biosensing 


	DL Architectures in Nanozyme Research 
	Overview of DL and CNNs 
	Understanding the DL Approach 
	Signal Collection, Filtering, and Elaboration 
	Model Training and Application 

	CNN Approaches Relevant to Nanozyme-Based Biosensing 

	Practical Applications of DL-Enabled Nanozyme-BasedOptical Biosensors 
	Synergistic Opportunities 
	Smartphone-Integrated DL-Enhanced Nanozyme-Based Biosensors 
	DL-Powered Colorimetric Biosensors 
	Sensor Arrays for Multi-Analyte Discrimination 
	Dual-Mode Detection and Smart Sensing 
	Mechanistic Detection and Multifunctional Systems 
	Expansion to General ML Architectures 


	Challenges and Future Perspectives 
	Most Pressing: Data Standardization and Model Generalizability 
	Model Interpretability and Clinical Trust 
	Technical Integration: Real-Time Deployment and IoT Compatibility 
	Matrix Effects and Real-Sample Validation 
	Long-Term Materials Challenge: Synthetic Control and Biocompatibility 

	Conclusions 
	References

