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Computer-aided nanodrug discovery: recent
progress and future prospects
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and Xingfa Gao *a

Nanodrugs, which utilise nanomaterials in disease prevention and therapy, have attracted considerable interest

since their initial conceptualisation in the 1990s. Substantial efforts have been made to develop nanodrugs for

overcoming the limitations of conventional drugs, such as low targeting efficacy, high dosage and toxicity, and

potential drug resistance. Despite the significant progress that has been made in nanodrug discovery, the

precise design or screening of nanomaterials with desired biomedical functions prior to experimentation

remains a significant challenge. This is particularly the case with regard to personalised precision nanodrugs,

which require the simultaneous optimisation of the structures, compositions, and surface functionalities of

nanodrugs. The development of powerful computer clusters and algorithms has made it possible to overcome

this challenge through in silico methods, which provide a comprehensive understanding of the medical

functions of nanodrugs in relation to their physicochemical properties. In addition, machine learning techniques

have been widely employed in nanodrug research, significantly accelerating the understanding of bio–nano

interactions and the development of nanodrugs. This review will present a summary of the computational

advances in nanodrug discovery, focusing on the understanding of how the key interfacial interactions, namely,

surface adsorption, supramolecular recognition, surface catalysis, and chemical conversion, affect the therapeu-

tic efficacy of nanodrugs. Furthermore, this review will discuss the challenges and opportunities in computer-

aided nanodrug discovery, with particular emphasis on the integrated ‘‘computation + machine learning +

experimentation’’ strategy that can potentially accelerate the discovery of precision nanodrugs.

1. Introduction

Nanomaterials have shown great potential in medical applica-
tions. To date, a variety of nanomaterials have been employed
in disease prevention and therapy.1 These nanomaterials can
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be used as either therapeutic agents or carriers of conventional
drugs, both of which can be referred to as nanodrugs. Nanodrugs
have demonstrated great promise in enhancing therapeutic effi-
cacy and reducing drug dosage, drug toxicity, and side effects in
comparison to conventional small molecule drugs. Furthermore,
the designable structures, compositions, and surface functional-
ities of nanodrugs allow for the simultaneous optimisation of their
therapeutic performance. Therefore, nanodrugs have attracted
sustained attention over the past few decades.2–8

The most extensively studied nanodrugs are nanomaterials-
based drug delivery systems, where nanomaterials act as carriers
to deliver conventional drug cargos to the desired diseased
tissues, typically tumours.9,10 A few such nanodrugs have been
approved for clinical applications by the Food and Drug
Administration.11,12 Nanomaterials can also directly participate
in disease diagnosis and therapy like conventional drugs. These
nanodrugs usually take advantage of the unique physicochemical
properties of nanomaterials, such as their catalytic ability. The
conceptualisation of ‘‘nanozyme’’13 and ‘‘catalytic therapy’’14 has
led to the emergence of catalysis-based therapy as a branch of
nanodrugs. Despite the significant progress that has been made,
the clinical applications of nanodrugs remain very limited,15

likely due to a lack of clinician involvement in nanodrug

development.16 This is particularly the case with regard to
personalised precision nanodrugs, where the therapeutics can
be suggested based on the patient’s individual characteristics.
The heterogeneous environments across patient populations
and diseases present a significant challenge for the develop-
ment of precision therapeutics.17 Future precision therapeutics
requires the development of smart integrated nanodrugs with
multiple medical functions, including efficient therapy, selec-
tive recognition, targeted delivery, efficient cellular uptake, a
long circulation time, low toxicity, and easy degradation. To
achieve this goal, it is essential to optimise the physicochemical
properties of nanomaterials, including compositions, struc-
tures, surface functionalities (e.g. protecting and/or targeting
moieties) and responsiveness,17 which collectively determine
the medical functions of nanodrugs.

However, the large number of available nanomaterials and
the complex bio–nano interactions make it extremely challen-
ging to precisely design or screen nanostructures with desired
therapeutic functions prior to experimentation. In this regard, a
comprehensive understanding of how the physicochemical
properties of nanomaterials influence their medical functions,
i.e. the structure–activity relationships of nanodrugs, is of great
importance. Theoretical and computational studies have been
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extensively conducted for nanodrug discovery, due to the
appearance of powerful computer clusters and algorithms.18–20

From a theoretical point of view, there are four key interfacial
interactions that may determine the medical functions of
nanodrugs, namely, surface adsorption, supramolecular recog-
nition, surface catalysis, and chemical conversion. As shown in
Fig. 1, surface adsorption involves the interactions of nanoma-
terials with conventional molecular drugs, functional moieties,
and proteins. The supramolecular recognition is typically repre-
sented by the interactions between functional moieties
anchored on nanosurfaces and receptors on cell membranes.
For comparison, the interfacial cell–nanomaterial interactions
associated with the passive cellular uptake can also be consid-
ered as the supramolecular recognition. Surface catalysis repre-
sents the catalytic regulation of small bioactive molecules/
species, such as reactive oxygen species, amino acids and
phosphate toxins. Chemical conversion represents the struc-
tural transformation of nanodrugs, including the assembly/
aggregation, deformation, ion release, and degradation/disas-
sembly in physiological/pathological conditions. These interfa-
cial interactions collectively affect the fate and cytotoxicity, the
specificity to pathological locations, the ability to cross cell
membranes and biological barriers, the intelligent release of
active constituents, the pharmacokinetics, and thus the overall
therapeutic efficacy of nanodrugs.

Multi-scale computational approaches have been employed
to investigate the interfacial interactions associated with the
various functions of nanodrugs. For example, density functional

theory (DFT) methods can be applied to investigate surface
adsorption, surface catalysis, and chemical conversion, uncovering
key factors that influence the interaction of nanomaterials with drug
molecules or functional moieties, catalytic activity, dissolution
ability, and many others related to therapeutic performance.20–23

However, DFT methods are not applicable to investigate the supra-
molecular recognition and several surface adsorption phenomena,
such as protein adsorption onto nanosurfaces, which are usually
investigated by all-atoms or coarse-grained molecular (AAMD/
CGMD) dynamics simulations.18,19 In recent years, machine learn-
ing (ML) techniques have been widely employed to advance nano-
drug discovery, but current studies are mainly experimental data-
driven.24,25 With an understanding of the key interactions that
govern the medical functions of nanomaterials, computation-
driven machine learning has emerged as a promising technique
for accelerating nanodrug discovery.26,27 Numerous reviews have
been published, with a predominant focus on one or a few specific
medical functions of nanomaterials.28–32 However, the interfacial
interactions between nanodrugs and biological entities related to
their various medical functions have yet to be categorised, which
should be of crucial importance for the future precision nanodrug
discovery.

This review addresses the advances in computational nano-
drug discovery, with a particular focus on the future computer-
aided design of intelligent precision nanodrugs by simulta-
neous optimisation of various physicochemical properties of
nanomaterials. We first summarise recent computational pro-
gress on four categories of nanodrugs, based on surface

Fig. 1 Physicochemical properties of nanomaterials that determine various interfacial interactions related to the medical functions of nanodrugs. Drawn
by Figdraw (https://www.figdraw.com/#/).
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adsorption, supramolecular recognition, surface catalysis, and
chemical conversion, respectively. The influence of the inter-
facial interactions on the therapeutic efficacy of nanodrugs is
specifically focused on, with little attention paid to the cyto-
toxicity that has been well reviewed.33 Further, we summarise
the machine learning-assisted discovery of nanodrugs based on
experimental and/or computational data. Then, we discuss the
necessity to combine traditional computational methods and
emerging machine learning techniques in the design and
screening of nanodrugs. The future perspectives and challenges
associated with computer-aided nanodrug discovery are pre-
sented. This review is expected to provide an in-depth under-
standing of the underlying mechanisms associated with the
medical functions of nanodrugs, thereby accelerating their
development in the digital era.

2. Overview of computational
pharmaceutics

Computational pharmaceutics has emerged as a new discipline
in the last decade, with the aim of enhancing the efficiency of
research and development process for new molecular entities.34

This discipline integrates multi-scale simulation and artificial
intelligence techniques to enable the systematic simulation,
analysis, and prediction of the behaviour of drugs. The first
significant advancement of modern pharmaceutics occurred
between the 1950s and 1980s with the emergence of ‘‘physical
pharmacy’’, which integrates principles of physical chemistry
into pharmaceutical formulations. The second generation
(1980s–2010s) was characterized by the development of sophisti-
cated drug delivery systems. In recent decades, the significant
growth in computational power and algorithmic sophistication
has promoted computational pharmaceutics to the forefront of
pharmaceutical innovation. By integrating machine learning,
molecular modelling, process simulation, and physiologically-
based pharmacokinetic (PBPK) modelling, computational phar-
maceutics offers high-dimensional optimisation capabilities that
significantly reduce the reliance on empirical methods.34,35

In the early stages, computational pharmaceutics mainly
employed traditional computational methods, such as quan-
tum mechanics (QM), molecular dynamics (MD), and Monte-
Carlo (MC). QM can accurately describe atomic and molecular
interactions, facilitating the prediction of structural and physi-
cochemical properties of molecules. Conversely, MD simulates
the physical motion of atoms and molecules, enabling the
study of complex interactions over extended timescales. These
methods have been pivotal in revealing the molecular mechan-
isms underlying drug-excipient interactions, stability, and drug
release kinetics.34,35 A significant advancement in computa-
tional pharmaceutics has been the integration of machine
learning algorithms. Techniques such as artificial neural net-
works, deep learning, and ensemble methods have been
employed to enhance the accuracy of drug release predictions
and stability assessments. For example, ML has facilitated the
design of hydrophilic sustained-release matrix tablets and oral

fast-disintegrating films by optimising the interaction of var-
ious formulation components.36

The combination of traditional computational methods with
ML-driven models has been demonstrated to be particularly
effective. Physiologically based pharmacokinetic modelling,
which predicts the pharmacokinetic behaviour of formulations,
is a representative example. By utilising in vitro and in silico
data, PBPK models simulate the concentration-time profiles in
the human body, facilitating the rational design of drug deliv-
ery systems.37 Moreover, data-intensive approaches using ML
algorithms can refine PBPK models, ensuring more accurate
predictions and enhancing regulatory compliance.38 The inte-
gration of classical simulation techniques and ML-driven meth-
odologies represents a significant milestone in the field of
computational pharmaceutics. This interdisciplinary integra-
tion not only improves the predictive capacity and robustness
of pharmaceutical formulations but also accelerates the R&D
processes by reducing the dependence on traditional trial-and-
error methods.34,35

As computational pharmaceutics continues to evolve, the
integration of multi-scale modelling techniques and advanced
data analytics possesses a great promise in drug discovery,
ultimately enhancing the quality and efficiency of pharmaceu-
tical products. The toolboxes for computational pharmaceutics
are also applicable to computational nanodrug discovery. As
listed in Table 1, these methods can be employed individually
or in combination18–20 to investigate the interfacial interactions
between nanodrugs and biological entities, to predict the
therapeutic efficacy, pharmacokinetics, and toxicity of nano-
drugs, as well as to optimise nanodrug formulations, and so on.

3. Surface adsorption-based
nanodrugs

Nanomaterials, which typically possess large surface areas, can
effectively adsorb small molecule drugs, functional ligands,
and proteins via various intermolecular interactions (e.g. elec-
trostatic, van der Waals, and coordination interactions),
enabling their various medical functions. To enhance the
efficacy of these surface adsorption-based nanodrugs, it is
essential to understand the interactions between nanomater-
ials and various adsorbates. Such knowledge is of crucial
importance for the future design and screening of these surface
adsorption-based nanodrugs. Multi-scale calculations have
been conducted to study the adsorption of small molecule
drugs, functional ligands, and proteins on the surfaces of
important nanomaterials, including carbons, metals, metal
oxides, polymers, biomolecular assemblies, and porous metal/
covalent-organic frameworks (MOFs/COFs).18,19,39

3.1. Adsorption of small molecule drugs on nanosurfaces

To reduce the dosage and potential side effects of conventional
small molecule drugs, nanoparticles have been widely used as
carriers to deliver those drug molecules for precise disease
therapy. Interactions between nanosurfaces (host) and drug
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molecules (guest) are key factors that determine the drug
loading and release from nanosurfaces. A few examples of drug
molecules investigated in computational studies on their
adsorption onto nanosurfaces are listed in Fig. 2.

3.1.1. Inorganic nanosurfaces
Metal and metal oxide nanomaterials. The presence of metal

sites enables drug molecules to form partial covalent interactions
with metal or metal oxide nanomaterials, leading to charge
transfer between drug molecules and nanosurfaces (Table 2).
This strong interaction is beneficial for improving the drug
loading capacity, but may also disrupt the structures of drug
molecules, making them inactive upon adsorption onto these
nanosurfaces. Noble metals such as gold nanoparticles (AuNPs)
are representative examples of drug delivery nanocarriers. DFT
calculations revealed that an antibiotic, ampicillin, can be readily
adsorbed onto various gold surfaces with its sulphur and

nitrogen atoms simultaneously bound to gold atoms.40 Although
the adsorbed ampicillin took several configurations, the corres-
ponding adsorption energies were very similar and sufficiently
negative (�49.1 to �56.5 kcal mol�1). Specifically, the covalent
binding character was observed for the ampicillin–gold nanocon-
jugate, where charge transfer occurs from the ampicillin to the
gold nanosurfaces, contributing to the high stability. A similar
binding character was found in the adsorption of sulfathiazole on
AuNPs, where Au atoms were anchored to the nitrogen of the
thiazole ring in sulfathiazole.41 Such an interaction can be
further stabilised by the ring-surface coupling, with the benzene
ring almost parallel to the gold surface. Although these antibio-
tics can be strongly adsorbed on nanosurfaces, making them
difficult to release, their active sites were not blocked in the drug–
gold nanoconjugate, which is favourable for maintaining the
antibacterial activity of the resulting nanodrugs.

Table 1 Computational toolboxes for multi-scale simulations of nanodrugs

Computation
methods Interfacial interactions Target events Main computation outcomes

DFT Surface adsorption Drug adsorption Adsorption energy
Biomarker adsorption Adsorption structure
Toxin adsorption Binding characteristics

Surface catalysis Catalytic transformation of biomolecules Reaction process
Reaction energy profile
Activity descriptor

Chemical conversion Ion release Cation formation energy
Degradation Structural evolution

MD/CGMD Surface adsorption Drug adsorption Adsorption energy
Protein adsorption Adsorption structure
Ligand adsorption Binding characteristics

Time evolution of structure
Supramolecular recognition Passive internalisation Transmembrane process

Receptor-mediated internalisation Transmembrane kinetics
Ligand–receptor binding Binding structure
Protein–receptor binding Binding energy

Binding characteristics
Chemical conversion Assembly and aggregation Structural evolution

Deformation and disassembly
Degradation

MC Surface adsorption Drug adsorption Adsorption position
Adsorption structure
Adsorption energy

Supramolecular recognition Ligand–receptor interaction Binding structure
ML Surface adsorption Drug adsorption Drug loading capacity

Protein adsorption Nanodrug formulation
Ligand adsorption Protein adsorption structure

Protein component
Ligand–nanoparticle optimisation

Supramolecular recognition Cellular uptake Cell–particle interaction
Cell recognition
Ligand–receptor optimisation

Surface catalysis Catalytic transformation of biomolecules Catalytic activity classification
Catalytic activity prediction
Activity descriptor prediction
Catalysis optimisation

Chemical conversion Aggregation Structural transformation assessment
Degradation

— General optimisation Drug solubility
Particle size
Stability
Pharmacokinetics

PBPK — — Absorption, distribution, metabolism,
excretion of nanodrugs

Data management — — Findable, accessible, interoperable,
reusable datasets
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Metal oxide nanoparticles such as ZnO and Fe3O4 can also form
strong interactions with drug molecules. The adsorption of fluta-
mide on ZnO nanosheets was investigated using DFT methods with
the dispersion correction.42 In the most stable adsorption structure,
the O atoms of the –NO2 group of flutamide interact with a Zn
atom of the nanosheet at 2.11 Å with an adsorption energy of
�20.6 kcal mol�1. Another DFT calculation of ZnO nanoclusters

revealed that the favipiravir molecule takes a similar binding
configuration forming a Zn–O bond with a drug adsorption energy
of �34.8 kcal mol�1.43 Although the calculated adsorption energy
depends on the computational methods, these energy values sug-
gest the thermal stability for drug adsorption on ZnO nanosurfaces.

MD simulations have been employed to investigate the
effects of nanoparticle size on the adsorption of drug molecules

Fig. 2 Representative examples of small molecule drugs adsorbed on nanosurfaces.
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onto metal (oxide) nanosurfaces. Depending on the particle size,
different adsorption mechanisms have been observed. For exam-
ple, drug molecules can alternately prefer the Fe2+ or Fe3+ sites of
the biocompatible Fe3O4 nanoparticles with increasing particle
size. This is likely due to the different surface structures, which are
either oxygen-rich or iron-rich.61 More importantly, the drug
adsorption energy depends on the nanoparticle size with stronger
adsorption observed on smaller nanoparticles.62 Given that a
small-sized nanoparticle may aggregate and has a limited number
of adsorption sites, a medium-sized nanoparticles may be more
suitable considering the adsorption affinity and the capability to
load a relatively large number of drug molecules. However, it
remains unclear how to identify the optimal nanoparticle size for a
specific nanodrug formulation.63

Carbon nanomaterials and analogues. Carbon nanomaterials
and analogues have long been recognised as good carriers for
drug molecules due to their versatile and tunable surface

structures. DFT calculations have been employed to determine
the binding structure and strength of drug molecules with these
nanomaterials including zero-dimensional (0D) fullerenes and
boron nitride nanocages/nanoclusters, one-dimensional (1D) car-
bon and boron nitride nanotubes, as well as two-dimensional (2D)
graphene, graphdiyne, and boron nitride nanosheets. Drug mole-
cules bind to these nanosurfaces mainly through non-covalent
interactions, which necessitates the use of dispersion-corrected
DFT methods. Such calculations have demonstrated the effective-
ness of several surface engineering strategies, including the intro-
duction of doping atoms or functional groups, to regulate the
adsorption affinity of carbon nanomaterials and analogues to drug
molecules.

The 0D carbon nanomaterials and analogues typically have a
weak to moderate affinity to drug molecules with binding
energies of less than �20.0 kcal mol�1, due to the lack of
specific interaction sites with drug molecules. DFT calculations
using the M06-2X functional revealed moderate binding

Table 2 Binding energies between different drugs and inorganic nanosurfaces calculated by DFT methods

Nanosurface Drug molecule Binding character
Binding energy
(kcal mol�1) DFT functional Ref.

Au(111), (110), and (100) surfaces Ampicillin Partially covalent Au–O bond �49.1 to �56.5 opt-B86b-vdw 40
Au6, Au8, and Au20 clusters Sulfathiazole Partially covalent Au–N bond �17.7 B �27.2 PBE 41

Au� � �p interaction
ZnO nanosheet Flutamide Partially covalent Zn–O bond �20.6 vdw-DF 42
(ZnO)12 Cluster Favipiravir Partially covalent Zn–O bond �34.8 PBE-D 43
C60 Aspirin Non-covalent interaction �6.7 M06-2X 44
C59B Partially covalent B–O bond �24.0
C60 Nitrosourea Non-covalent interaction �12.8 45
MC59 (M = Au, Hf, Hg, Ir) Partially covalent M–O bond �24.7 B �32.3
Carbon dot Cytarabine Van der Waals interaction �24.3 oB97XD 46

Clofarabine �23.3
BN dot Cytarabine �17.3

Clofarabine �16.3
Carbon dot Gemcitabine �11.9 M06-2X 47
N-Doped carbon dot �15.3
B40 5-Fluorouracil Partially covalent B–O bond �13.5 PBE-D2 48
M-Encapsulated B40 (M = Na and Ca) Partially covalent B–O bond �16.1 to �17.1
B12N12 cluster 5-Fluorouracil Covalent B–O bond �27.0 DFT-D2 49

6-Mercaptopurine Covalent B–N bond �36.8
6-Thioguanine Covalent B–N bond �34.4

Graphene b-Lapachone Van der Waals interaction �21.2 PW91-D3 50
M-Doped graphene (M = Au and Pt) Partially covalent M–O bond �38.2 to �40.8
Graphdiyne nanosheet Hydroxyurea O–H� � �p interaction �13.8 DFT-D3 51

5-Fluorouracil N–H� � �p interaction �9.4
BN-Doped graphdiyne nanosheet Hydroxyurea O–H� � �p interaction �29.7

Partially covalent B–O bond
5-Fluorouracil N–H� � �p interaction �13.9

BN nanotube 5-Fluorouracil N–H� � �p interaction �5.63 B3LYP 52
M-Doped BN nanotube (M = Sc and Ti) Partially covalent M–O bond �36.8 to �39.9
(8,0)-Carbon nanotube 5-Fluorouracil Van der Waals interaction �7.9 DFT-D2 53
Chloromethylated (8,0)-carbon nanotube �10.7
(6,6)-Carbon nanotube �25.0 revPBE-D3BJ 54
(7,7)-Carbon nanotube �29.3
(8,8)-Carbon nanotube �25.8
(7,7)-BN Nanotube Carmustine C–H� � �p interaction �36.5 PBE-D2 55
(8,8)-BN nanotube �37.8
(9,9)-BN nanotube �35.2
COOH-functionalised carbon nanotube Carmustine Intermolecular hydrogen bonds �8.2 B3LYP 56
Silicon carbide nanosheet Pyrazinamide Partially covalent Si–O bond �33.9 PBE-D3BJ 57

Chlormethine Partially covalent bond �29.1 B3LYP-D3 58
Silicon carbide nanotube Amphetamine Electrostatic interaction �8.5 TPSS-D2 59
Pt-Doped silicon carbide nanotube Pt� � �p complexation �34.4
Phosphorene Ifosfamide Van der Waals interaction �3.7 B3LYP 60
M-Doped phosphorene (M = Be, Mg, and Ca) Partially covalent M–O bond �36.0 to �40.1
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energies for the adsorption of drug molecules such as nitro-
sourea (�12.8 kcal mol�1) and aspirin (�6.7 kcal mol�1)44,45 to
C60 fullerene. Similar binding energy values were found for drug
adsorption onto small-sized carbon quantum dots,46 boron
nanocage48 and nanocluster.49 Introducing doping atoms pro-
vides additional interacting sites with drug molecules, leading
to an enhanced binding affinity of carbon nanomaterials and
analogues to drug molecules. For example, the binding energy
for aspirin adsorption to C60 fullerene increased from �6.7 kcal
mol�1 to �24.0 kcal mol�1 by B doping. This can be ascribed to
the interaction between electron deficient B atom and electron
rich O atoms in aspirin.44 In this regard, metal doping is more
efficient due to the strong metal–oxygen interactions. Introdu-
cing doping atoms is also applicable to 1D and 2D carbon
nanomaterials and analogues to enhance their binding affi-
nities to drug molecules.47,50–52

Unlike the 0D nanocages/nanoclusters, 1D nanotubes and
2D nanosheets have extended structures and can adsorb drug
molecules at both sides. The encapsulation of drug molecule into
the inside of carbon or boron nitride nanotube is energetically
more stable than adsorption onto the outside surface.53,54 Depend-
ing on the size of drug molecules, there is an optimal diameter for
drug encapsulation. The CNT (7, 7) is the best for drug encapsula-
tion of small drug molecule 5-fluorouracil.54 On the other hand,
the BNNT (8, 8) and (9, 9) with larger diameters are better for
carmustine and temozolomide encapsulation, respectively.55 To
enhance drug adsorption onto the outside surface of CNTs or
BNNTs, surface modification with functional groups such as
–COOH is necessary. DFT calculations on the interactions of
carmustine with pristine and COOH-functionalised CNTs showed
that the binding energy for carmustine adsorption is significantly
increased after COOH-functionalisation.56 This can be attributed
to the formation of intermolecular hydrogen bonds between drug
molecules and COOH groups. Similar trends were found in the
adsorption of the 5-fluorouracil onto chloromethylated CNTs using
the dispersion-corrected DFT method.53 These results demonstrate
the importance of surface functionalisation in enhancing drug
loading onto CNTs.

The pristine carbon and boron nitride nanosheets also have
weak affinities to drug molecules. MD simulations on the adsorp-
tion of tegafur on graphene flakes including graphene oxide,
hydroxylated graphene (G-OH), carbonylated graphene (G-CO)64

demonstrated a decreasing order of GO 4 G-OH 4 G-CO for the
affinity of these functionalised graphene nanosheets to tegafur.
Although hydrogen bonding, p–p stacking, and hydrophilic inter-
actions are present in all these graphene–tegafur systems, the
number of hydrogen bonding interactions in the GO–tegafur
system is greater than in the others, suggesting that graphene
oxide could be a suitable carrier for tegafur. The impact of
hydrogen bonding on drug loading was also observed for camp-
tothecin and mitoxantrone adsorption on functionalised gra-
phene. Mitoxantrone/nanographene showed a higher binding
energy than camptothecin/nanographene due to the presence
of a larger number of hydrogen bonding interactions.65

To more efficiently predict drug carriers without significant
computational efforts, a combined quantum genetic algorithm

(QCA) and QM/semi-empirical quantum mechanics (SQM)/
force field (FF) method has been proposed. This method is
able to globally and efficiently predict the optimal binding
interactions between graphene/GO and drug molecules. For
example, an appropriate functionalisation ratio of graphene is
suggested to balance the stability and the solubility/biocompat-
ibility of graphene-based drug delivery systems. In addition,
four suitable drug delivery systems (midostaurin-GO, nilotinib-
GO, tucatinib-GO and arzoxifene-GO) with stronger drug–GO
interactions were found through screening the DrugBank data-
base using the proposed method.66 Such a powerful and
efficient method is expected to be useful in accelerating other
nanodrug discovery.

Multi-scale simulations have also been conducted to investigate
drug adsorption onto other inorganic nanosurfaces, such as Si-
and P-based nanomaterials. Silicon carbide has a much stronger
adsorption affinity to drug molecules than its analogue graphene
or CNTs. This is mainly because Si atoms can form stronger
interaction with negative charged atoms (e.g. O), typically existing
in drug molecules.57,58 In addition, metal doping59 can signifi-
cantly enhance the adsorption affinity of SiC to drug molecules,
which also hold for drug adsorption onto phosphorene and silica
nanoparticles.60,67 The oxygen atoms of ifosfamide drug coordi-
nate with the doping metals, resulting much stronger binding
energies (�36.0 to �40.1 kcal mol�1) than that for ifosfamide
adsorption onto pristine phosphorene (�3.7 kcal mol�1).60

3.1.2. Polymeric nanosurfaces. Polymers are another drug
carriers that have attracted much interest because of their biode-
gradability, biocompatibility, and designable nanostructures. The
compositions of these polymeric nanomaterials play significant
roles in determining their drug loading efficiency.2 Regarding this,
computational studies have been conducted to understand drug
adsorption and release behaviour of polymeric nanomaterials. The
force field-based MD and/or MC simulations have been mostly
used, although DFT calculations can somehow describe the drug–
polymer interactions using a monomer or a single short chain to
model polymers. The estimated Gibbs free energy changes suggest
that polyvinylchloride (PVC) can weakly adsorb paracetamol and
diazepam drugs with small DG values (Fig. 3a–d), consistent with
the non-detectable loss in drug concentrations after contacting
with polyvinylchloride. On the other hand, polyethylene (PE) can
strongly adsorb diazepam but weakly adsorb paracetamol, which
were confirmed by experimentally measured drug loss.68,69 Based
on these computational and experimental results, a threshold
value (�7.2 kcal mol�1) of Gibbs free energy changes was sug-
gested to evaluate whether a drug molecule could be adsorbed
onto polymeric nanosurfaces.68–70 Because the adsorption capacity
is also dependent on the drug concentration, a more negative
threshold value can be expected if the target drug molecule has a
lower solubility and vice versa.

Due to the structural flexibility of polymers, drug molecules
tend to be encapsulated into polymer chains or form co-assembly
composites. The adsorption energies of four drugs (doxorubicin,
cabazitaxel, b-lapachone, and drinabant) on poly(lactic acid)–
poly(ethylene glycol) (PLA–PEG) nanoparticles, representative
polymeric nanodrug delivery systems, were investigated by the
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MC docking method. Such a computationally efficient method
can estimate well the order of drug adsorption energies, con-
sistent with their loading capacities.72 More complicated MD
simulations were conducted to investigate the adsorption and
release of 6-mercaptopurine in PLA (Fig. 3e).71 The drug loading
capacity could reach as high as 35.8 wt% with sufficiently
negative adsorption energies, ensuring the stability of resulting
nanodrug composites. However, due to the hydrophobicity of
PLA, the encapsulated drug molecules are hardly released
(Fig. 3f). Introducing the hydrophilic PEG composition can
significantly increase the drug release ability while maintaining
the drug loading capacity (Fig. 3g).

Poly(lactic-co-glycolic acid) (PLGA) is another representative
polymeric carrier for drug delivery. The ratio of LA to GA and the
molecular weight of PLGA can affect the encapsulation of drug
molecule into PLGA and stability of corresponding nanodrug
complexes. Amongst the investigated polymeric systems (PLA,
PLGA72, PLGA55, PLGA72, and PGA), PLGA55 (LA : GA = 50 : 50)
exhibits the strongest interaction with coumarin-6 for all chain
lengths because of the homogeneous spatial arrangements.
However, the binding interaction between coumarin-6 and a
single PLGA chain is not very strong.73 The weak interactions
between drug molecules and PLGA make them susceptible to
disassemble.74 The incorporation of clay minerals is an efficient
strategy to enhance the drug loading capacity of polymer-based
nanoparticles.75 The presence of montmorillonite can enhance

the adsorption of curcumin due to the formation of strong
silicon–oxygen interactions. Such interactions between curcu-
min and montmorillonite are dependent on ions, which may
facilitate drug release in biological environment. These findings
suggest that the mineral/polymer composites could be good
candidates for nanodrug delivery.

3.1.3. Biomolecular nanosurfaces. Biomolecular nanosur-
faces are very promising for medical applications because of
their natural abundance, biocompatibility and chemical versa-
tility. Representative examples are polysaccharide-, peptide-,
protein-, DNA- and lipid-based nanostructures.76 Similar to
the polymer case, interactions between drug molecules and
biomolecular nanosurfaces have been mainly investigated
through MD simulations, despite that DFT calculations are
useful to elucidate the driving force, the adsorption energy,
and the binding nature for drug adsorption onto biomolecule
nanosurfaces (Fig. 4a).77,78 Chitosan, a natural polysaccharide,
is an example of biomolecules that can serve as a nanocarrier.
To achieve the optimal therapeutic efficacy of drug molecules,
chemical modification of the natural chitosan is necessary.
Many tunable parameters, including the type, degree, and
pattern of functional groups, the water–polymer ratio, as well
as the drug payload, can be involved, hindering the rational
design of modified chitosan hydrogels for drug adsorption and
release. A flexible and transferable coarse-grained model was
proposed to accurately capture the network structure of acetyl,

Fig. 3 Drug adsorption and release on polymeric nanosurfaces. (a) Conformation of diazepam molecule adsorbed onto a PVC surface. (b) and (c) Gibbs
free energy profiles for the adsorption of paracetamol and diazepam molecules onto PE and PVC surfaces. (d) Changes of paracetamol and diazepam
concentrations upon contact with PVC and PE tubings. Reproduced with permission from ref. 69. Copyright 2021, American Chemical Society. (e)
Conformation of 6-mercaptopurine adsorbed in PLA nanoparticles. (f) and (g) Concentration distribution for the release of drug molecule from PLA and
PLA–PEG nanoparticles. reproduced with permission from ref. 71. Copyright 2019, Elsevier. Z1 is defined as the distance between the centres of mass of
the drug molecule and surface.
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butyryl or heptanoyl modified chitosan chains, and the trans-
port of the drugs (doxorubicin and gemcitabine) through the
network (Fig. 4b).79 Multi-scale simulations suggested that
hydrophobic modifications significantly alter the conformation
and spatial arrangement of the chains from a uniform distribu-
tion to a cluster-channel morphology. In addition, the diffusion
of drug molecules with different polarity, hydrophobicity, and
size show different dependence on the type, degree and pattern
of modification. The diffusion coefficient of doxorubicin varies
significantly, while that of gemcitabine is almost constant.
Further development and application of such computational
tool is expected to explore more types of modification and
therapeutic payloads.

DNA or protein nanostructures are another representative
biomolecular nanocarriers. The drug loading mechanisms of
these nanostructures have been investigated through molecular
docking and/or MD simulations.82,83 A single strained DNA chain
exhibits a weak binding affinity to drug molecules due to the non-
covalent interactions between them. The introduction of addi-
tional components such as chitosan, or the formation of nano-
cages may enhance the drug binding affinity of the resulting DNA
nanostructures (Fig. 4c).80 The tetrahedral DNA nanocage (TDN)
has five possible binding modes for doxorubicin loading. With
the increase in the number of adsorbed doxorubicin molecules,
the most favourable binding mode changed from the intercala-
tion mode to the inside-corner mode. Importantly, the presence

of more binding sites resulted in a strong binding affinity of TDN
to doxorubicin molecules (approximately �45 kcal mol�1) at
varying drug loading capacities (Fig. 4d and e).81 Similar calcula-
tions were conducted to investigate the mechanism for drug
adsorption onto protein nanostructures, such as human heavy-
chain ferritin (HFn), which shows an intrinsic active tumour-
targeting ability due to its capacity to recognise and bind to human
transferrin receptor 1 (TfR1).84 A combined molecular docking and
MD simulation showed that encapsulating doxorubicin into the
HFn cage is more stable than adsorbing it onto the outer surface
due to the formation of more hydrogen bonds and salt bridges.85

To promote drug encapsulation into the cavity of proteins such as
apoferritin (APO-Fr), the disassembly of openings on protein
nanosurfaces in response to acidic conditions was proposed. Pores
with more hydrophilic surfaces exhibit higher flexibility and
tendency for opening to accommodate more drug molecules.86

Lipid-based nanostructures, such as nanodiscs and lipid
vesicles, are emerging as promising biomolecules for drug deliv-
ery. Despite the complexity of their structures, multi-scale simu-
lations can be employed to investigate the drug loading
mechanisms of these biomolecular nanostructures. For instance,
MD simulations were conducted to explore the drug–nanostruc-
ture interactions in nanodisc formulations.87 The free doxorubi-
cin molecules are difficult to load on the nanodisc surface due to
the unfavourable drug–lipid interactions. Conversely, the lipid
conjugation of doxorubicin prodrugs demonstrated a sufficient

Fig. 4 Drug adsorption on biomolecular nanosurfaces. (a) Structures of teriflunomide interacting with chitosan and pyrazinamide interacting with cyclic
peptide. Reproduced with permission ref. 77 and 78. Copyright 2018 and 2023, Elsevier. (b) Coarse-grained mapping of atomic structures of acetyl-
chitosan, n-butanoyl-glucosamine, n-heptanoylglucosamine, doxorubicin and gemcitabine. Reproduced with permission from ref. 79. Copyright 2020,
CC BY 3.0. (c) The most dominant pose and corresponding binding energy of doxorubicin to DNA-CCP. Reproduced with permission from ref. 80.
Copyright 2020, Wiley-VCH. (d) Possible binding sites of a doxorubicin to the tetrahedral DNA nanostructure. (e) The total binding energies and
corresponding energy decomposition terms for the five binding modes. Reproduced with permission from ref. 81. Copyright 2022, CC BY-NC 3.0.
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conformational stability when incorporated into nanodiscs. This
stability is influenced by the lipid moieties conjugated with the
doxorubicin molecules, demonstrating that the formulation
designs significantly impact the drug loading and the stability
of drug–nanodisc complexes.

In order to efficiently describe drug loading into lipid
vesicles such as liposomes, a coarse-grained model has been
developed. Simulations conducted with this CG model reveal
the impact of hypericin loading on the structural integrity of
liposomes and the distribution of drug molecules within these
vesicles. In particular, increasing drug loading would induce
the structural expansion of liposomes and the aggregation of
drug molecules near the polar headgroups of the outer lipid
layer. The calculated potential of mean force further high-
lighted the disparities between drug loading on the inner and
outer layer of liposomes. This research underscores the impor-
tance of CG simulations in understanding drug adsorption
onto liposomes or membranes, paving the way for optimised
strategies and future hybrid models for a deeper understanding
of drug delivery mechanisms.88 Recently, a CG-based computa-
tional framework has been proposed to optimise drug loading
in extracellular vesicles (EVs) through nanofluidic squeezing,
which induces transient nanopores for drug encapsulation. The
framework captures essential aspects, such as pore formation,
EV deformation, fluidic properties, and drug loading efficien-
cies, which are dependent on the EV size, flow velocity, and
channel dimensions. It was found that higher flow velocities
and larger EVs can enhance drug uptake, while smaller con-
strictions resulted in more considerable EV deformation and
even vesicle damage. A phase diagram derived from the simula-
tions provides a practical guide for optimising nanochannel
geometries and flow conditions to optimise drug loading with-
out impairing the structural integrity of EVs. This study not
only advances the field of EV-based drug delivery systems but
also provides valuable insights into EV transport and fusion
mechanisms.89

3.1.4. Porous nanosurfaces. Porous nanomaterials, such as
metal/covalent organic frameworks, are a new class of drug
carriers with potential advantages of high loading capacity, low
toxicity, biodegradability, specific targeting ability, as well as
controlled/sustained drug release because of their tunable and
designable compositions and pore structures. Various computa-
tional methods have been employed to investigate the host–guest
interactions between porous nanomaterials and drug molecules,
which determine the drug adsorption and release behaviour.90

The grand canonical Monte Carlo (GCMC) simulation, typically
based on the universal force field, can be employed to study the
drug loading position and capacity in porous nanomaterials. The
simulated loading capacities of bendamustine and 5-fluorouracil
in five MOFs (UiO-66, UiO-66-NH2, UiO-66-COOH, UiO-67, and
UiO-66-NDC, UiO = University of Oslo) through this method are
comparable to the experimental results. In addition, this method
can well recognise the hydrogen bonding interactions (C–H� � �F,
C–H� � �O, and N–H� � �O) between drug molecules and the
framework.91 Likewise, GCMC simulations suggested that the
remarkable drug loading of natural bioflavonoid genistein in

mesoporous MIL-100(Fe) arises from the specific p–p stacking
between the aromatic ring of genistein and the trimesate linker of
the MIL-100(Fe).92 These results demonstrate the efficacy of
GCMC simulations in describing drug loading in porous nano-
materials. However, it should be noted that the drug loading may
be overestimated by GCMC simulations when the porous nano-
materials contain inaccessible pores due to the presence of
solvents and/or very narrow channels for drug diffusion.93

To improve the drug loading capacity of nanomaterials
based on surface adsorption, it is common to introduce additional
interaction sites. For example, the amount of curcumin loading
increased from 22.4 wt% to 28.3 wt% by introducing the –NO2

group into a MOF structure [Zn(BDC)(DABCO)0.5]n, (BDC2�: 1,4-
benzene dicarboxylate, DABCO: 1,4-diazabicyclo[2.2.2]octane), pro-
viding additional C–H� � �O hydrogen bonding interaction.94 In
addition, defect engineering is applied to increase the drug load-
ing capacity of UiO-66 (Fig. 5a). The coulombic interaction between
zirconium centres and pharmaceutical molecules plays a domi-
nant role in stabilizing the host–guest interaction for UiO-66 with
ligand defects. On the other hand, the van der Waals interaction is
dominant for the ideal UiO-66 without open zirconium centre.
Based on the calculated binding energies and molecular size of
pharmaceutical molecule, the loading capacity can be qualitatively
predicted (Fig. 5b).95 In addition to the host–guest interaction,
geometrical parameters of porous nanomaterials, such as pore
volume and cavity diameter, can affect the drug loading capacity.96

This is mainly because the limited size of channel may hinder
drug diffusion into the pores.

The host–guest interaction can affect not only drug loading
capacity but also drug release rate. A combined experimental and
computational technique was employed to investigate the adsorp-
tion and release of acriflavine from four selected Zr-based MOFs
(MOF-808, UiO-66, UiO-67, and NU-1000). The calculated adsorp-
tion energies agreed well with experimental release rates in water.
A faster release rate was observed for MOF-808 and NU-1000 with
weak adsorption energies of acriflavine whereas the release rate
was slow for UiO-66 and UiO-67 with strong affinity to acriflavine.98

Similar results were for the drug release from a series of MOF-5
with different functionalised linkers. Among several possible
descriptors, such as interaction energy, pore diameter, functional
group volume, polarizabilities, and Hammett constants (smeta),
only the host–guest interaction energy shows a clear correlation
with the amount of drug released; the stronger the interaction
between the drug molecule and the framework, the longer the
drug release (Fig. 5c).97

3.1.5. Summary. In conclusion, inorganic, polymeric,
bimolecular and porous nanomaterials can serve as carriers of
conventional drug molecules. Multi-scale simulations have been
employed to investigate the adsorption and desorption of drug
molecules on these nanosurfaces. DFT calculations can be
employed to effectively characterise the structure, energy, and
mechanism of drug adsorption onto nanosurfaces, using either
a small cluster/fragment or crystal structure as the model
system. In the case of large-sized inorganic nanoparticles,
polymeric and biomolecular nanomaterials, MD/CGMD simula-
tions are frequently required. These calculations have revealed
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that drug molecules can be adsorbed or embedded into nano-
materials, forming a variety of interactions with the carriers,
including p–p, hydrogen bonding, electrostatic, and even partial
covalent interactions. Surface functionalisation, heteroatom
doping, and defect engineering are effective methods for reg-
ulating the binding affinity of drug molecules to nanosurfaces.
Given that the sustained release of drug molecules is usually
desired for disease therapy, it is crucial to precisely engineer the
drug–carrier interaction in order to facilitate the practical
applications of these nanomaterials as drug carriers. In addition
to sustained drug release, the drug–carrier interaction can be
altered in response to external stimuli, such as pH and biolo-
gical ions, leading to a controllable drug release. Therefore, the
drug–carrier interaction may be employed as an effective energy
descriptor to screen nanomaterials with sufficient drug loading
capacity and desirable release rate. However, the optimal value
is still absent, probably due to the large number and diversity of
drug molecules and nanomaterials to be explored. An efficient
but reliable screening methodology is thus urgently needed to
promote the development of nanocarriers.

3.2. Adsorption of proteins on nanosurfaces

3.2.1. Effect on protein aggregation. Protein aggregation
and liquid–liquid phase separation (LLPS) are fundamental
biophysical processes associated with cellular compartmentalisa-
tion and the pathogenesis of various diseases. The regulation of
protein aggregation states using nanomaterials has attracted
considerable attention for disease therapy. For instance, the
inhibition of protein aggregation and clearance of amyloid fibrils
are essential for the treatment of diseases, such as Alzheimer’s
disease, Parkinson’s disease, and type II diabetes.99 On the other
hand, nanomaterials that are capable of promoting protein
aggregation, specifically liquid–liquid phase separation, are also
attractive for enhancing anti-tumour/viral immunity.100 The inhi-
bitory or promotion effects of nanomaterials depends on the
protein species and properties of nanomaterials.101 It is therefore
crucial to understand the interaction between nanosurfaces and
protein monomers in order to facilitate the design of nanodrugs
capable of regulating protein aggregation for a range of applica-
tions. Molecular dynamic simulations have been conducted to
elucidate the competitive interactions between nanomaterials

Fig. 5 Drug adsorption on porous nanosurfaces. (a) and (b) Structures and interaction energies of adenosine monophosphate adsorbed in ideal and
defected UiO-66. Reproduced with permission from ref. 95. Copyright 2021, Wiley-VCH. (c) Relationship between oridonin drug release and its
interaction energy with functionalised MOF-5. Reproduced with permission from ref. 97. Copyright 2023, CC BY-NC 4.0.
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and protein monomers, as well as those between protein mono-
mers themselves.102

The inhibitory effects arise from the adsorption of protein
monomers, such as a-synuclein (aS), tau, b-amyloid (Ab) and
human islet amyloid polypeptide (hIAPP) onto nanosurfaces,
overriding the intermolecular interactions that cause the self-
assembly of monomers into toxic oligomers or insoluble amy-
loid fibrils. Neutral graphene sheets have been demonstrated to
efficiently inhibit Ab fibrillation and break mature amyloid
fibrils through penetration and extraction of Ab peptides
(Fig. 6a).103 Further analysis on the structural changes showed
that the hydrophobic phenylalanine residues of extracted Ab
peptides can form strong p–p stacking and hydrophobic inter-
actions with graphene sheets, thereby enabling their stronger
interaction with graphene than with themselves.

The role of nanomaterials in amyloid formation is poten-
tially affected by a number of factors, such as concentration,
charge and surface functionality. MD simulations were conducted
to investigate the influence of chitosan concentrations on Ab
aggregation.104 Unsurprisingly, the population of Ab monomers
declined rapidly in the absence of chitosan (CHT) with the
formation of Ab oligomers and eventually a single large aggregate
was formed (Fig. 6b). Conversely, the rate of monomer decay and
the number of peptides in the largest oligomers decreased upon
the addition of CHT at varying concentrations, demonstrating the
inhibitory effects of CHT on Ab aggregation.106 However, it is
essential to carefully examine the concentrations of nanomaterials
to specifically regulate protein aggregation. Low concentrations
may have minimal influence on aggregation, whereas high con-
centrations could potentially promote aggregation.107 For instance,

Fig. 6 Inhibition of Ab fibrillation by surface adsorption. (a) Trajectory and interaction energy profile for graphene nanosheet insertion into the Ab
amyloid fibril and peptide extraction. Reproduced with permission from ref. 103. Copyright 2015, the Royal Society of Chemistry. (b) Time evolution of Ab
aggregation in the presence of 0, 0.3, 1.5, and 3.0% chitosan and the snapshots of quasi-equilibrium conformations of Ab self-assembly. Reproduced
with permission from ref. 104. Copyright 2023, the Owner Societies. (c) and (d) Average time evolution of Ca-RMSD and average number of H-bonds
between hIAPP backbones upon contact with GQDs. (e) Time evolution of the minimum distance and the total contact number between GQD� or GQD+

and hIAPP fibril. Reproduced with permission from ref. 105. Copyright 2023, American Chemical Society.
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the maximum concentrations of graphene quantum dots for the
inhibition of hIAPP and aS were found to be 400 and 200 mg mL�1,
respectively.108,109

The charge state of nanomaterials is another factor that
influences their role in protein aggregation. Different amount
of cationic charge can be assigned to CHT’s N-glucosamine
saccharides by changing the pH conditions; 10% at pH 7.5 and
50% at pH 6.5. Due to the enrichment of electrostatic interac-
tions between Ab peptides and cationic units in CHT under
lower pH conditions, the inhibitory effect is more pronounced at
pH 6.5 than at pH 7.5. A similar study was conducted to
investigate the inhibitory effects of charged GQDs on hIAPP
aggregation (Fig. 6c).105 The addition of charged GQDs can
sufficiently hinder the formation of inter-peptide and interfacial
hydrogen bonds, as well as interfering with the hydrophobic
packing of hIAPP side chains (Fig. 6d). The presence of
negatively charged carboxyl groups in GQD� enabled the for-
mation of electrostatic attractions, hydrogen bonds, and salt
bridges, which collectively stabilize the interactions between
hIAPP and GQD�. On the other hand, such attractive interac-
tions were absent or very weak in the hIAPP + GQD+ system.
These results demonstrate the stronger interaction between
GQD� and hIAPP, as evidenced by the larger contact numbers
and smaller distances in hIAPP–GQD� systems than in the
hIAPP–GQD+ systems (Fig. 6e). Because GQD� can more strongly
adsorb hIAPP than GQD+, the negatively charged GQD was
suggested as a more effective candidate for amyloid inhibition
than the positively charged one in disrupting hIAPP fibrils.

The functionalisation of nanosurfaces can not only alter the
charge states, but also offer additional interaction sites with
amyloid peptides. This could potentially affect the ability of
nanomaterials to inhibit amyloid aggregation. A comparative
analysis was conducted on the adsorption of Ab peptide on
carbon nanotubes (CNT) and functionalised ones with carboxyl
and hydroxyl groups (CNT–COOH and CNT–OH).110 Although
pristine CNT can alter the structure of Ab peptide via p–p
stacking and hydrophobic interactions, the structural changes
of the Ab peptide are more pronouncedly induced by CNT–
COOH and CNT–OH. This is because the functional groups can
form electrostatic interactions, H-bonds, and salt bridges with
the Ab peptide, which results in a reduction in the number of
inter-peptide H-bonds and potentially the prevention of abnor-
mal aggregation of the Ab peptide.111 A similar mechanism was
identified in the inhibition of hIAPP aggregation by fullerenol
(C60–OH), suggesting that functionalisation can effectively
modify the performance of nanosurfaces in preventing amyloid
formation.112

The inhibition mechanisms for the amyloid aggregation were
also revealed for other nanomaterials, such as metal–phenolic
networks (MPNs)113 and covalent organic frameworks (COFs),114

possessing porous structures, metal sites or ionic functional
groups to enhance the intermolecular interactions between
nanomaterials and amyloid peptides. Such an enhanced inter-
molecular interaction is crucial for the inhibitory effect of
nanomaterials on amyloid aggregation. Conversely, nanomater-
ials with a relatively weak attraction to proteins may either

promote or inhibit protein aggregation.115,116 Specifically, protein
aggregation can be promoted at a high protein/nanomaterial
ratio but inhibited at a low protein/nanoparticle ratio. This could
potentially clarify the complex size effect of nanomaterials on
their ability to inhibit protein aggregation. For example, the 5 nm
gold nanoparticles can inhibit the Ab aggregation, whereas those
of 20 nm or larger induced the formation of shorter protofibrils
or b-sheet-rich structures, thereby promoting the aggregation.117

MD simulations of Ab peptide adsorption onto Au(111) demon-
strated that Ab tended to relax into the flat and elongated
conformers that are reminiscent of those observed in fibrils.
These concentrated and fibril-like conformers of Ab peptides on
Au(111) could act as seeds to trigger the fibrillation process. On
the other hand, small-sized Au nanoparticles (e.g. 5 nm) can
selectively bind to the hydrophobic core of the Ab peptide, which
was not observed in the Ab-Au(111) system, thereby supressing Ab
aggregation.118 The promotion effects on protein aggregation
have also been observed in gold nano-butterflies, which represent
a tool for the manipulation of biological structures, particularly
LLPS droplets in biological systems. Unlike conventional sphe-
rical or rod-shaped nanoparticles, gold nano-butterflies, with
their unique butterfly-like morphology, have been shown to
induce LLPS in systems such as human IgG.119 This phenom-
enon is attributed to the concave structures interacting with the
LLPS precursor beads. However, the detailed mechanistic
insights into such protein aggregation remain elusive. Further
attempts are warranted to predict the aggregation states of a
specific protein upon contacting with nanomaterials, given the
promising application of controlling protein aggregation in dis-
ease therapy.120,121

3.2.2. Inhibition of protein activity. The regulation of
protein activity is an important strategy for disease therapy in
both conventional drugs and nanodrugs. It has been found that
some nanoparticles can effectively inhibit protein activity
through their various interactions with proteins at the nano-
surfaces. MD simulations have been performed to provide an
atomic insight into the inhibition mechanism with detailed
intermolecular interactions and atomic information. In gen-
eral, there are two possible mechanisms for the inhibitory
effect of nanoparticles on protein activity. Nanoparticles can
either bind to the active sites or disrupt protein conformations
to interfere with its activity.

The a-chymotrypsin (a-ChT) is a representative example that
has been used to study the inhibitory effect of nanoparticles on
protein activity. MD simulations on the adsorption of a-ChT on
pristine and carboxylated CNT(14, 14) (Fig. 7a) demonstrated that
the adsorbed a-ChT can maintain its conformation but took
different orientations on pristine and carboxylated CNTs.122 The
active site is far from the pristine CNT surface but close to those of
carboxylated CNTs (Fig. 7b), suggesting that the carboxylated CNTs
can inhibit the activity of a-ChT by blocking the active site of a-ChT
to prevent substrate entry without significantly disrupting the
protein structure. Such different effects of pristine and carboxy-
lated CNTs arise from their intermolecular interactions with the
a-ChT. For pristine CNT, van der Waals and hydrophobic interac-
tions are dominant, showing non-competitive characteristic.
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However, the electrostatic interactions between the carboxylate
groups and the cationic residues around the active site are
dominant in the adsorption of a-ChT onto carboxylated CNTs,
promoting the selective binding of the active site with carboxylated
CNTs. A recent study suggested that the pristine CNTs may also
block the active site of a-ChT.123 These discrepant results may arise
from the different size or curvature of CNTs. The (10, 10)-CNT with
a small size and large curvature can match well with the active
pocket of a-ChT. On the other hand, the (14, 14)-CNT has a larger
size and smaller curvature, which could hinder the selective
binding between CNTs and the active pocket of a-ChT.

Changing the structure of nanoparticles not only affects
their size/shape complementarity with the active pockets of pro-
teins, but also induces additional intermolecular interactions that
enhance their binding to proteins. This phenomenon has recently
been investigated with regard to the binding between planar/curved
polycyclic aromatic hydrocarbons and lysozyme (LSZ).127 The curved
corannulene and its planar analogue perylene can readily bind to
the active pocket of LSZ with moderate binding free energies (DG1)

of �7.7 and �4.0 kcal mol�1, respectively. The stronger DG1 for
curved corannulene mainly arises from the electrostatic interactions
due to the asymmetrical charge distribution on its convex and
concave surfaces. As a result, the inhibitory effect of curved cor-
annulene on the LSZ activity is stronger than that of perylene.

The activity inhibition mechanism by selective binding of
nanoparticles to the active site/pocket of proteins has been also
observed for other proteins such as matrix metalloproteinases128 and
tyrosine phosphatases.129 Due to their versatile and tunable surface
properties, nanoparticles can bind to other regions of proteins and
cause severe vitiations of protein structures to supress the protein
activity. For example, gold nanorods (AuNRs) can sufficiently inhibit
tumour metastasis by regulating the activity of matrix metalloprotei-
nase (MMP-9), a protein associated with tumour invasion and
metastasis.124 The activity of MMP-9 decreases after exposure to Au
nanoparticles, arising from the change in the secondary structure of
MMP-9 caused the interactions with AuNRs, as evidenced by the
large RMSD values of adsorbed MMP-9 with respect to the wild one
(Fig. 7c).

Fig. 7 Inhibition of protein activity by surface adsorption. (a) The structure of a-ChT with the active site residues represented by the vdW spheres. (b) The
final snapshots for the adsorption of a-ChT on pristine and carboxylated carbon nanotubes. Reproduced with permission from ref. 122. Copyright 2017,
the Owner Societies. (c) Different interaction types of AuNPs with MMP-9 protein and the corresponding RMSD of adsorbed MMP-9 protein on AuNRs
compared to the wild-type one. Reproduced with permission from ref. 124. Copyright 2023, American Chemical Society. (d) Probability of the secondary
structures in S protein in control, Na-MMT and Ca-MMT systems. Reproduced with permission from ref. 125. Copyright 2022, American Chemical
Society. (e) Backbone RMSD and structural change of Mpro upon contact with different graphene systems. Purple, green, and blue represent the H-bond
region, hydrophobic region, and polar region, respectively. Reproduced with permission from ref. 126. Copyright 2022, American Chemical Society.
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The disruption of protein structures to inhibit their activity
is useful for antiviral applications. For instance, the spike (S)
glycoprotein of SARS-CoV-2 plays a crucial role in its invasion of
host cells via the interaction with human angiotensin-converting
enzyme. Recent MD simulations125 suggested that the S protein
undergoes structural changes in the presence of montmorillonite
nano clay surfaces (Na-MMT and Ca-MMT). An analysis of the
secondary structure of adsorbed S protein revealed a decrease in
the helical content and an increase in the average probability for
turns in the presence of MMT surfaces (Fig. 7d). Such severer
changes in the secondary structure arise from the strong interac-
tions between MMT surfaces and the three chains of S protein.
Given that most of the contacting residues with MMT surfaces
come from the N-terminus and the receptor binding domain, the
disrupted S protein may lose its function in viral invasion.

In addition to interfere with the whole protein structure,
nanoparticles may destroy only the active pocket of protein to
inhibit its activity. MD simulations revealed that graphene-
related materials including intact graphene (IG), defect gra-
phene (DG), and graphene oxide (GO) can inhibit the activity
of Mpro of SARS-Cov-2 and its expression.126 Furthermore, DG
and GO had stronger inhibitory effects due to their more
intensive interactions with the Mpro, according to the larger
RMSD values, interaction energies and contact areas in the
‘‘Mpro-DG’’ and ‘‘Mpro-GO’’ systems than in the ‘‘Mpro-IG’’ sys-
tem. Conformational change analysis showed that the whole
active pocket was adsorbed onto the surfaces of DG and GO with
large RMSD values of 4.1 and 3.0 Å (Fig. 7e), respectively. On the
other hand, only one terminal of the active pocket was adsorbed
onto the surface of IG. These results suggest that more residues
of the active pocket are adsorbed onto the surfaces of DG and
GO than that of IG, changing the posture and conformation of
the active pocket and thus inhibiting the activity of Mpro.

3.2.3. Immobilisation of protein. Proteins can be protected
from denaturation and biological degradation through immobi-
lization onto nanosurfaces, making nanoparticles promising
carriers for functional proteins like enzymes, antigens, and
antibodies with various medical applications.130–132 To preserve
the bioactivity of proteins, the adsorbed proteins must retain
their native structures and take proper orientations on nanosur-
faces, leaving their active sites and/or receptor binding domains
accessible. As discussed above, the interactions between nano-
particles and proteins play significant roles in determining the
activity of proteins upon deposition onto nanosurfaces.

Enzymes are representative proteins that can be immobi-
lized on nanosurfaces to enhance their catalytic activities. MD
simulations suggested a surface-dependent manner for the
orientation of adsorbed acetylcholinesterase from Torpedo
californica (TcAChE) on carbon nanotubes.133 On amino-
functionalised CNTs, the active site and substrate tunnel of
TcAChE were close to the surface due to the electrostatic
interaction between the positively charged surface and residues
of TcAChE. Conversely, the active site and substrate tunnel of
TcAChE took an opposite orientation on pristine or carboxylate-
functionalised CNTs. Because the adsorbed TcAChE is stable
and its active site is not blocked by nanosurfaces, such different

orientations result in different enzyme activity. The adsorption
of other proteins, such as antigens and antibodies, onto nano-
surfaces in order to improve their functions has also been
investigated using MD simulations.134 For example, immuno-
globulin G (IgGs) adsorbed on graphene layers can maintain
their native structures with negligible changes in the secondary
and tertiary structures.135 The robustness of IgGs is attributed to
its large size, resulting in high internal strength, thereby mak-
ing them resistant to structure disruption caused by surface
adsorption. In addition, IgGs can strongly bound to graphene
with preferable vertical orientations, where the antigen binding
fragments are accessible. These results render graphene an
excellent candidate for constructing artificial antibodies.

Various interactions contribute to stabilizing protein adsorp-
tion on nanosurfaces and determining protein orientation. Among
these interactions, the electrostatic interaction usually dominates
over others, such as van der Waals, hydrophobic/hydrophilic, p–p
stacking, and cation–/anion–p interactions. Accordingly, tuning
the surface charge of nanoparticles has proven an effective strategy
to regulate the orientation of proteins on nanosurfaces.136 The
orientations of the adsorbed a-Syn on gold nanoparticles can be
regulated by coating cationic or anionic ligands, which prefers the
C-terminus and N-terminus, respectively.137 In addition to coating
ligands, variation of pH can alter the charge states of nanoparticles
and proteins, influencing their interactions and thus changing the
protein orientation on nanosurfaces. The pH-induced protein
reorientation has been reported on silica nanoparticles, resulting
from the change in surface electrostatic interactions between silica
and proteins.138,139

Although MD simulation is useful to find the preferable
protein adsorption on nanosurfaces, modelling protein-surface
interactions is very time-consuming, particularly when the
protein is large and take a large number of possible orienta-
tions. To efficiently screen nanoparticles for protein immobilisa-
tion, simplified simulation models that are able to predict the
preferable protein orientation are particularly required. In this
regard, the method based on a united-residue modelling of
protein–surface interactions is promising, which has recently
been applied to predict the orientation of the SARS-CoV-2 spike
protein receptor binding domain (RBD) on a few prototypical
surfaces.140 It was revealed that the antigen orientation is unfa-
vourable for antibody recognition when immobilised on either a
positively or negatively charged self-assembled monolayer (SAM).
Conversely, immobilisation on the negatively charged silica yields
favourable orientation compatible with antibody recognition.
These results suggest that the orientation of immobilised pro-
teins may depend not only on the charge states but also on the
charge density of nanosurfaces. This simple yet effective model is
highly valuable in predicting protein orientation on nanosur-
faces. However, improving the prediction accuracy and conduct-
ing experimental verification of protein orientations are
necessary to enable medical applications through protein immo-
bilisation, which remains a challenging task.

3.2.4. Formation of protein corona. When nanoparticles
enter an organism, they quickly bind to components in body
fluids or blood, particularly proteins, forming a composite
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structure of nanoparticles and proteins known as ‘‘protein
corona’’. The formation of protein corona alters the intrinsic
properties of nanoparticles and influences their biological
characteristics, such as the blood circulation time and targeting
ability.141 These biological properties of protein corona signifi-
cantly depend on the protein components adsorbed on nano-
particles. Due to the complex structure of the protein corona
and its surrounding microenvironment, protein corona has still
been poorly understood, although a large number of analytical
and characterization techniques, such as dynamic light scatter-
ing, plug-in centrifugal sedimentation, fluorescence correlation
spectroscopy, and molecular dynamics simulations have been
applied.142

Studying the protein–nanoparticle and protein–protein
interactions helps to understand the structure of the protein
corona and its biological effects, which is crucial for nanodrug
design. As discussed above, these interactions significantly
depend on the surface properties of both proteins and nano-
particles, and the physiological environment surrounding
them, such as pH and salinity.143 A ‘‘hard’’ or ‘‘soft’’ protein
corona can be formed according to the strength of protein–
nanoparticle interactions. For instance, a ‘‘hard corona’’ is
formed on the surface of super-paramagnetic iron oxide nano-
particles (SPIONs), with a strongly adsorbed monolayer of
bovine serum albumin (BSA). MD simulations showed that
the BSA molecules can be gradually adsorbed onto a SPION
nanoparticle of 6 nm until reaching a maximum of 10 protein
molecules. The excess proteins retained in solution rather than
forming a second layer of adsorbed proteins on the SPION

surface (Fig. 8a). These results suggest that the preformed
monolayer of BSA can serve as a protective shell for the SPION
surface.144 Likewise, the monolayer BSA shell has been found
on L-/D-chiral gold nanosurfaces with similar adsorption
strength but different orientation.145 These adsorbed BSA pro-
teins (corona) may influence the cellular uptake and protect the
targeting ability of nanodrugs.

Because surface adsorption may alter protein structure, the
protein corona on nanosurfaces can be regulated by tuning
surface structures. It has been shown that the apolipoprotein-
cIII (apo-c3) undergoes denaturation upon adsorption to gra-
phene oxide, driven by the large electrostatic interactions
between the positively charged or polar residues and the
oxygen-containing functional groups.147,148 Structural analysis
showed that the a-helix character decreased with the formation
of b-turns, which could promote subsequent aggregation of
serum proteins, thereby complicating the predesigned target-
ing ability of nanodrugs. Conversely, the azide- and alkyne-
double functionalised GO (C2GO) did not induce notable
changes in the structure of apo-c3. This is because the binding
between C2GO and apo-c3 is dominated by van der Waals
interactions dispersed over the entire protein, which cannot
compromise the intra-protein interactions that maintain the
tertiary structure of apo-c3. As a result, the lipid-binding func-
tion is preserved in C2GO-adsorbed apo-c3, resulting in the
preferential uptake of corona-coated C2GO to corona-coated
GO by J744 cells.

Not only the structures of adsorbed proteins but also the
protein species can be changed by tuning surface structures.
The influences of hydrophilic functional groups on protein
adsorption, conformation and residues have been investigated
by proteomics and all-atom MD simulations (Fig. 8b).146 The
study revealed that the incorporation of hydrophilic hydroxyl
groups can considerably suppress the adsorption of opsonins,
such as immunoglobulin E (IgE), by reducing the contact
surface area and the amount of adsorbed residues (Fig. 8c).
This effect, however, has only a minimal impact on the adsorp-
tion of apolipoprotein E (ApoE) (Fig. 8d). Theoretical analyses
further suggested that the Janus-type distribution of hydroxyl
groups on nanosurfaces might be the best choice to maximize
the adsorption of ApoE proteins. Based on these results, a
nanocarrier was fabricated by applying a layer of ApoE protein
as a pre-coating on the surface. This protein layer exhibited
resistance against complementary proteins and immunoglo-
bins, leading to enhanced blood circulation time and improved
delivery efficiency to tumour tissues. These findings imply that
controlling protein corona is becoming increasingly crucial for
achieving optimal function of nanodrugs, rather than eliminat-
ing it completely. Poly(ethylene glycol) (PEG) has been widely
used to tune interactions of nanoparticles with proteins. By
tuning the architecture of shape persistent amphiphilic bottle-
brush block copolymer building blocks, the surface topography
of PEGylated nanoparticles can be precisely tailored, which
further influence their protein adsorption and cell uptake
performances. Specifically, the well-tailed nanoparticles with
rough surface and narrow terminal PEG block brush width

Fig. 8 Protein corona formation on nanosurfaces. (a) Snapshot of ten BSA
proteins adsorbed onto a nanoparticle. Reproduced with permission from
ref. 144. Copyright 2016, CC BY-NC 4.0. (b) In vitro analysis of the number
of proteins adsorbed on functionalised graphene. (c) and (d) The contact
surface area between IgE or ApoE and the graphene with different surface
modifications. Reproduced with permission from ref. 146. Copyright 2019
CC BY 4.0.
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shows a low protein adsorption but a high cell uptake com-
pared to conventional PEGylated nanoparticles with a high-
density PEG shell.149 Despite the progress made so far, it
remains difficult to precisely predict the formation of protein
corona based on the physicochemical properties of nano-
particles and the types of proteins involved.150–152

3.2.5. Summary. In conclusion, protein adsorption on
nanosurfaces can directly or indirectly influence the therapeu-
tic efficacy of nanodrugs. MD/CGMD simulations have been
extensively employed to investigate the interaction between
proteins and nanosurfaces, which are influenced by the proper-
ties of both the proteins and the nanosurfaces. It has been
demonstrated that nanosurfaces may inhibit or promote pro-
tein aggregation, protect or destroy protein structure or active
pocket, depending on the competition between inter-/intro-
protein interactions and protein–nanosurface interactions. All
of these protein states are associated with their respective
medical functions. For example, the aggregation of Ab should
be prevented, whereas that of STING should be promoted, in
the development of nanodrugs for relevant diseases. The anti-
gens and antibodies should retain their native structure when
they bind to nanoparticles. Conversely, nanomaterials with
antiviral properties are expected to disrupt the structures of
viral proteins. In addition, a protein shell (protein corona) can
be formed on nanosurfaces, which may alter the pre-designed
functions of nanodrugs. It is therefore of great importance that
protein–nanosurface interactions should be precisely engi-
neered in the future in order to facilitate the discovery of
nanodrugs. MD simulations have indicated that a variety of
factors, including size, shape, concentration, charge, and sur-
face functionality, can affect the orientation and binding
strength of protein adsorption on nanosurfaces. However, it
remains unclear how to simultaneously optimise these proper-
ties to regulate the species and amount of protein adsorbed on
nanosurfaces. Further development in computational methods,
potentially integrating with machine learning techniques, is
therefore warranted to accelerate precise design of nanodrugs.

3.3. Adsorption of functional ligands on nanosurfaces

Anchoring functional ligands on nanosurfaces is often neces-
sary to achieve the desired therapeutic efficacy of nanodrugs.
The anchored functional ligands can alter the surface struc-
tures and properties that related to medical functions, such as
adsorption of small molecule drugs and proteins, supramole-
cular binding with targeted sites, catalytic performance, as well
as stability and biocompatibility.153 These properties depend
not only on the binding strength between functional ligands
and nanosurfaces but also on the distribution and orientation
of functional ligands on nanosurfaces.

3.3.1. Adsorption structure. Peptides are representative
functional ligands that may improve the stability, biocompatibility,
and targeting ability of nanodrugs. The sequence of peptides plays
a crucial role in determining their binding strength with nano-
particles. For example, rearranging the sequence of the Pd4
peptide (TSNAVHPTLRHL) to HHTSNAVPTLRL (Fig. 9a) increased
the binding free energy of the peptide with the Au(111) surface

from �7.5 to �8.5 kcal mol�1.154 Although there is no direct
correlation between the binding affinity and the colloidal stability
(size) of resulting nanoparticles, the number of anchor residues for
peptide adsorption may govern the stability of peptide-capped
NPs. Designing peptide sequences with more anchor residues
and small conformational entropy was suggested to obtain stable
nanoparticles. However, for adsorption of targeting peptides such
as the pH low insertion peptide (pHLIP), the targeting residues
must remain in solution. Therefore, the adsorption structure and
binding strength of peptide–NP conjugates should be reliably
described. Several force fields used in MD simulations have been
compared in their performances to describe the pHLIP adsorption
on gold nanosurfaces. The CHARMM36 and OPLS-AA are good
choices that are able to correctly describe the conformation and
folding of pHLIP upon interacting with Au nanosurfaces.155

The adsorption strength and distribution of peptides on
nanosurface can be influenced by the grafting density. The
reactive force field MD simulations were conducted to study
the interaction between gold nanoparticles (AuNPs) and short-
chain peptides (CGCG and CGGG) at different grafting densities
(Fig. 9b).156 The short-chain peptides can be tightly adsorbed
onto gold nanoparticles in a slightly facet-dependent manner.
The strong binding interaction between these peptides and
AuNPs can be attributed to both the Au–S bonds and the
polarizable oxygen and nitrogen atoms that strongly interact
with the gold surface (Fig. 9b). Importantly, a strong binding
was found at a low grafting density, because the normalized
surface coverage of peptide atoms interacting with AuNP surface
is larger at a low grafting density than at a higher density. These
structural features suggest that the orientation of adsorbed
peptides can be rationally designed by changing the grafting
density.

Polymeric ligands can also be applied to protect nano-
particles, for which the chain length and grafting density may
influence the adsorption structures and properties. The struc-
tural properties of gold nanoparticles grafted with different
lengths and grafting densities of polyethylene oxide (PEO)
ligands were investigated using MD simulations.157 At a low
grafting density, both the PEO chains and water molecules
reside in the vicinity of the gold nanosurface (Fig. 9c). Con-
versely, a dense and partially dehydrated PEO brush is formed at
a high grafting density. The formation of dehydrated PEO brush
is essential to protect the inner core of nanoparticles from
protein adsorption, which is also affected by the tail flexibility.
In this regard, long PEO chains with a grafting density larger
than the critical value, which depends on the curvature of
nanoparticles and the radius of gyration of a polymer chain in
solution, can be favourable in preventing protein adsorption.

In addition to peptide and polymeric ligands, organic
ligands, such as thiols, phosphines, and alkynyls, have been
reported to protect metal clusters with ten to a few hundred
atoms. The atom-precise structure of the monolayer protected
clusters (MPCs) is crucial to understand structure–property
relationships and tune the structure for a desired function.159

For example, MD simulations and DFT calculations were con-
ducted to investigate the structures of meso-mercaptobenzoic
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acid (m-MBA) protected gold nanoclusters using.158 The protection
arose from the inter-ligand hydrogen bonding, H-bond-like Au� � �H
bonding, and p� � �Au bonding interactions between m-MBA ligands
and gold nanoclusters in addition to the strong Au–S bonds.
Meanwhile, breaking the Au� � �H and p� � �Au bonding interactions
are not very difficult, demonstrating the dynamic nature of the
metal sites that are either protected or available.160 Given the
importance of structure prediction of MPCs, a number of methods
have been proposed,159 such as the numerically effective method
based on a set of reference structures.161 This method can
accurately predict the interface structures of Au/Ag nanoclusters
protected by thiols, phosphines or even mixed ligands.

Ligand functionalisation of other nanosurfaces, such as
metal oxides162,163 and carbon nanomaterials,164,165 can like-
wise improve their biocompatibility and targeting ability. Clas-
sical MD simulations were conducted to investigate the
adsorption of collagen tripeptides (CTPs) on TiO2 nanosur-
faces, which were synergistically affected by the surface topo-
graphies, hydroxylation and bioactive ions.162 The free energy
changes and radial distribution functions demonstrated that
hydroxylated TiO2 with grooves or ridges and aggregated bioac-
tive ions can reduce the adsorption energy barrier of CTPs on
TiO2. Additionally, the formation of numerous hydrogen bonds
between CTPs and hydroxyls on TiO2, along with the bioactive

Fig. 9 Structures of ligand functionalised nanosurfaces. (a) Au nanoparticle (AuNP) and representative peptide ligands. Reproduced with permission
from ref. 154. Copyright 2017, the Royal Society of Chemistry. (b) Configurations of peptide-functionalised Au nanoparticles and histograms of the distance of
oxygen/sulfur atoms to AuNP surfaces with different ligand sequences and surface coverage. Reproduced with permission from ref. 156. Copyright 2019
American Chemical Society. (c) Snapshots of 1 nm AuNP grafted with PEO chains of 12, 20, and 45 repeating units. Volume fractions of PEO (solid symbols)
and water (open symbols) as a function of the radial distance from the centre of the nanoparticle for PEO chains of different lengths. r and s represent
nanoparticle diameter and ligand coverage, respectively. Reproduced with permission from ref. 157. Copyright 2020 American Chemical Society. (d) Structure
and energy changes for ligand reorientation on the Au68 surface. Reproduced with permission from ref. 158. Copyright 2020, CC BY 3.0.
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ions, synergistically improve the stability of the CTPs on TiO2.
However, too dense packing of targeting ligands on nanosur-
faces should be avoided to maintain the specific binding with
targeted receptors. Co-adsorption of other biocompatible
ligands such as PEG is a useful strategy. For example, folic acid
can be strongly adsorbed with little changes in adsorption
energies until reaching the full coverage on the TiO2

surface.163 By introducing the methylated PEG ligands, the
NP–folic acid interaction can be reduced and folic acid ligands
are well separated with optimal targeting activity.

3.3.2. Effects on drug adsorption. The functional ligands
can affect the drug loading or release of nanosurfaces by directly
interacting with drug molecules or indirectly altering the surface
properties. An enhanced drug adsorption behaviour with more
negative adsorption energies was observed for folic acid-modified
carbon nitride compared to the pristine carbon nitride
nanosheet. This was attributed to the intermolecular interactions
between drug molecules and folic acid ligands.166 Similar results
were found for the adsorption of doxorubicin onto peptide-coated
gold nanoparticles. The ‘‘sandwich’’ configuration of AuNP–
doxorubicin–peptide stabilises doxorubicin adsorption even in
the physiological conditions. Such an adsorption stability is
maintained because the tryptophan in the drug-binding peptide
clip the drug molecule.167 However, the spontaneous dissociation
of one doxorubicin molecule from the carrier would occur when
increasing the doxorubicin : peptide ratio to 2 : 1 (Fig. 10a).168

Therefore, the ratio of drug molecules to functional ligands
should be well tuned to balance the competitive drug adsorption
on the limited number of sites.

Varying the ratio of drug molecules to functional ligands may
cause the multi-layer adsorption of drug molecules on functio-
nalised nanosurfaces because of the different drug–ligand and

drug–nanosurface interactions. Simulations on a drug delivery
system consisting of chitosan-gentamicin andcitrate-coated
gold nanoparticles showed that the chitosan-gentamicin can
partially replace the original citrate.170 Meanwhile, outer layers
of adsorbed chitosan-gentamicin can be formed by changing
the chitosan/getamicin weight ratio. The resulting conjugated
nanoparticle system can effectively control and sustain the
gentamicin release. A similar sustainable drug release mecha-
nism was found in oleic acid modified ZnO nanoparticles,171

where the carfilzomib molecules can be adsorbed by entrap-
ment among the oleic acids or by directly interacting with the
reachable portions of the ZnO surface. It is anticipated that
adsorbing different functional ligands on the nanosurface could
modulate the binding modes with drug molecules,172 which
may promote the formation of multilayer ligand–drug assem-
blies for a more controllable drug release.

Functional ligands not only provide additional interaction sites
with drug molecules but also induce stimuli-responsive character-
istics for drug adsorption and release on nanosurfaces.173 For
instance, doxorubicin adsorption is enhanced on the poly(L-
histidine) grafted carbon nanotube. In addition, both doxorubicin
and poly(L-histidine) have different protonation states depending
on the pH values.174 MD simulations indicated that the stably
adsorbed doxorubicin molecules under neutral conditions can be
released in response to acidic conditions, due to the increased
electrostatic repulsion between protonated doxorubicin and poly(L-
histidine). This pH-responsive drug adsorption and release beha-
viour was also found for doxorubicin adsorption on polyethylenei-
mine (PEI) functionalised black phosphorus (BPH) nanosheets.169

The doxorubicin molecules can be spontaneously adsorbed on the
nanosurface (Fig. 10b), mainly due to the formation of p–p
stacking and H-bond interactions between doxorubicin and

Fig. 10 Effects of ligand functionalisation on drug adsorption. (a) Adsorption structures of doxorubicin (DOX) on peptide-functionalised Au
nanoparticles. Reproduced with permission from ref. 167 and 168. Copyright 2020 Elsevier, Copyright 2022, CC BY-NC 3.0. (b) Adsorption structure
of doxorubicin on polyethylenimine-functionalised phosphorus nanosheet and time evolution of the number of hydrogen bonds between doxorubicin
and polyethylenimine. Reproduced with permission from ref. 169. Copyright 2021 Wiley-VCH.
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PEI-BPH. These intermolecular interactions significantly decreases
under acidic conditions, thereby promoting the release of DOX.

3.3.3. Effects on protein adsorption. The presence of func-
tional ligands on nanosurfaces may alter their adsorption affinities
to proteins, thereby affecting the blood circulation and therapeutic
efficacy of nanodrugs. Both experimental and computational
studies have been conducted to understand the influence of ligand
functionalisation on protein adsorption behaviour of nano-
particles. The weakly adsorbed ligands such as citrates can be
replaced by proteins, exposing the native surface of NPs for protein
adsorption. Conversely, protein cannot directly interact with nano-
surfaces functionalised by strongly adsorbed ligands. Recent MD
simulations have demonstrated such phenomena, where proteins
binding to the physisorbed citrate gold surface showed more
contact sites, higher interfacial energy, and greater conformational
changes than to the chemisorbed GSH surface.175 Due to the little
influence of weakly adsorbed ligands on protein adsorption,
introducing functional groups such as –SH is often necessary to
regulate protein adsorption behaviour.

As introduced in Section 3.2.4, PEGylation is an effective
strategy to suppress the formation of ‘‘protein corona’’ on
nanoparticle surfaces.149,176 However, the coating of PEG ligands
cannot completely prevent protein adsorption.177 A mixing ligand
strategy has been proposed for nanosurface functionalisation
that can mimic the charge composition of proteins in the blood-
stream, such as serum albumin (HSA) and transferrin, to prevent
protein adsorption. Compared to conventional PEG coatings with
negatively charged (–COOH), positively charged (–NH2), or neu-
tral (–OCH3) terminal groups, mixed coatings can significantly
reduce the binding affinity of nanosurface to proteins and
achieve the anti-biofouling function. Such mixed coatings can
be achieved by simultaneously introducing neutral, negatively
and positively charged PEG chains based on the charge distribu-
tion of proteins.178 Similar strategies can be applied for the
surface functionalisation of nanoparticles by other ligands such
as zwitterionic polymers and peptides.179 However, completely
eliminating protein corona formation may reduce the cellular
uptake of nanodrugs, making it crucial to prevent non-specific
protein adsorption. This will ultimately require simple but gen-
eral criteria to describe protein adsorption on functionalised
nanosurface without comprehensive experiments and MD simu-
lations. To this end, an in silico screening method has been
proposed on the basis of ligand hydration and dynamics.180 By
considering systems consisting of hydrophilic or hydrophobic
chains or varying length and mixtures, it has been shown that the
ligand hydration and dynamics can synergistically prevent pro-
tein adsorption on silica surface. Due to the generality and
transferability to other ligands and surfaces, this method is quite
promising for future tailoring nanoparticle surfaces for control-
ling protein adsorption.

3.3.4. Summary. In summary, functional ligands anchored
on nanosurfaces are of critical importance in enhancing the
therapeutic efficacy of nanodrugs. Ligands, such as peptides
and polymer chains, have the potential to alter surface char-
acteristics, which in turn affects the adsorption of drugs and
proteins, the catalytic performance, and the biocompatibility.

Extensive multi-scale computational studies have been con-
ducted to elucidate important features governing the adsorption
of functional ligands on nanosurfaces. These processes are
affected by the intrinsic properties of the nanoparticles, such
as their size and curvature, as well as the characteristics of the
ligands, such as their type, length, and anchoring density. Func-
tional ligands can affect the loading and release of drugs by
interacting with drug molecules or modifying surface properties.
For example, folic acid-modified carbon nitride exhibits enhanced
drug adsorption as a result of intermolecular interactions. The
presence of functional ligands on nanosurfaces can alter protein
adsorption affinities, which in turn can influence the circulation
and efficacy of nanodrugs. Strategies such as PEGylation are
employed to regulate protein adsorption, but a balance is essential
to prevent non-specific adsorption while maintaining efficient
cellular uptake. Since surface functionalisation is typically neces-
sary, it is of crucial importance to precisely engineer ligand
properties in accordance with the nanoparticle. It is therefore
essential to develop an efficient in silico screening method to
facilitate the optimisation of these properties in order to control
the interfacial interactions between functionalised nanoparticles
with biological entities. However, given the diverse optimisation
space, comprising combinations of ligands and nanoparticles
properties, such a method has yet to be developed.

3.4. Other medical functions enabled by surface adsorption

3.4.1. Biosensor. Adsorption of molecules on nanosurfaces
may alter the electronic structures of nanomaterials, which can
be converted into electrical signals, enabling their medical
applications as biosensors for the detection biomarkers of
diseases, such as uremia and cancer. The detection limit and
sensitivity depend on the binding affinity of biomarkers to
nanosurfaces and the change in electronic structures of nano-
materials upon biomarker adsorption. These properties can be
readily accessed by DFT calculations. For example, protein
tyrosine/tryptophan nitration can alter protein function and
properties, playing significant roles in the onset and progress of
various chronic disorders. DFT calculations revealed that ZnO
nanoparticle ([ZnO]12) can stably adsorb both of the pristine
and nitrated tyrosine/tryptophan with binding energies ranging
from �19.5 to �29.1 kcal mol�1.181 Interestingly, the electronic
structure of ZnO nanoparticle changed little upon adsorption of
pristine tyrosine/tryptophan. Conversely, the adsorption of
nitrated tyrosine/tryptophan significantly altered the electronic
structure of ZnO nanoparticle with the HOMO–LUMO gap
decreased by approximately 1 eV (B50%). Such a high affinity
and large change in electronic structure of ZnO nanoparticle in
response to nitrated tyrosine/tryptophan demonstrate its
potential for the early diagnosis of different chronic disorders
related to protein tyrosine/tryptophan nitration. Similarly, DFT
calculations have demonstrated the potential application of Si
nanowires (SiNW) for uremia diagnosis.182 The pristine SiNW
showed a large change in the band gap upon adsorption of
urea, a biomarker of uremia. However, the binding energy
between SiNW and uremia is too weak (�6.0 kcal mol�1), which
would lead to a high detection limit. Introducing metal atoms
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can enhance the binding affinity of SiNW to urea but the
change in band gap upon urea adsorption is too small
(o0.08 eV), resulting in a low detection sensitivity.

To achieve reasonable detection limit and sensitivity of
biosensors for disease diagnosis, it is crucial to rationally design
nanostructures that influence their binding affinity to biomar-
kers and electronic structures. Heteroatom doping and defect
engineering are common methodologies to tune the electronic
structures of nanomaterials. For instance, Ti-doping can signifi-
cantly enhance the adsorption affinity of dopamine to pristine
boron nitride and the change in energy gap upon dopamine
adsorption, thereby improving the performance for dopamine
sensing.183 Similarly, introducing structural defects is useful to
enhance the adsorption of gaseous lung cancer biomarkers in
exhaled breath to armchair stanene nanoribbons (ASnNR).184

3.4.2. Toxin removal. In addition to the delivery of ther-
apeutic molecules, nanoparticles can be useful for the removal of
toxins from the body through surface adsorption. For example,
hemoperfusion, which is based on the adsorbent–toxin interac-
tions, has been widely employed to purify blood in patients
suffering from acute liver and renal failure. The purification
performance is expected to be significantly influenced by the
intermolecular interactions between adsorbents and toxins, such
as bilirubin, creatinine, and uric acid, despite that other factors
including surface area, stability, and biocompatibility should also
be considered for practical clinical applications. A composite
adsorbent consisting of cellulose acetate and graphene oxide was
designed for the effective removal of creatinine, uric acid, and
bilirubin.185 MD simulations demonstrated that the adsorption
free energies of creatinine and uric acid on this composite were
�3.2 and �7.8 kcal mol�1, respectively, indicating their preferen-
tial adsorption on the composite surface.

The introduction of additional interaction sites is an effec-
tive strategy for enhancing the trapping ability of nanomaterials for
blood toxins. In this regard, MOFs are highly promising due to their
porous structures, which provide versatile interaction sites and
exclude proteins from entering the pores. A recent study on the
bilirubin removal ability of PCN-333 and MOF-808 suggested that
PCN-333 exhibited pronounced performance with high adsorption
capacities for bilirubin.186 This is attributed to the strong adsorption
energy of bilirubin into these MOFs, which arises from the p–p
interactions between the aromatic rings of bilirubin and organic
ligands in these MOFs. Similarly, the p–p, hydrogen-bonding and
electrostatic interactions are crucial for stabilising p-cresyl sulfate (a
uremic toxin) adsorption in NU-1000.187 These results demonstrate
the crucial role of understanding the adsorbent–toxin interactions
in the design of blood purification nanomaterials for clinical
hemoperfusion therapy.188–190

4. Supramolecular interaction-based
nanodrugs

In addition to surface adsorption, nanomaterials can form
supramolecular interactions with biological entities, such as
cell membranes and cellular receptors. These interactions

enable various medical functions of nanomaterials, which are
termed supramolecular interaction-based nanodrugs. For example,
the cellular uptake of nanomaterials usually occurs through a
passive or receptor-mediated internalisation process,191,192 wherein
the supramolecular interaction plays a vital role. In addition, the
metal–peptide complex or nanomaterial-based artificial antibody193

can be rationally designed for precise supramolecular recognition,
enabling the realisation of their medical functions. In order to
further advance the design of supramolecular interaction-based
nanodrugs, it is necessary to have a clear understanding of such
supramolecular interactions through computational studies,39,194

which are often time-consuming.

4.1. Passive supramolecular interaction

Previous simulation studies have revealed that the translocation
of nanoparticles (NPs) through lipid bilayer membranes is
critically determined by intrinsic properties of NPs, including
size, shape, surface charge, and surface modification.195–197

Most of the previous simulation studies used membrane models
composed by no more than three lipid species, which are simple
compared to the real plasma membranes. To consider the effect
of membrane complexity, the uptake pathways of AuNPs were
comparatively studied using two membrane models, the simple
negatively charged lipid bilayer model and the plasma
membrane model.198,199 The simple model consists of a 1 : 3
ratio of self-assembled distearoyl phosphatidyl glycerol and
distearoyl phosphatidyl choline lipids. In contrast, the plasma
membrane model contains 30 mol% cholesterol.200

MD simulations suggested that AuNPs have markedly differ-
ent transmembrane kinetics.199 The neutral 2 nm AuNPs have a free
energy barrier of 43.47 � 4.70 and 260.85 � 6.04 kJ mol�1 when
translocating through the simple membrane and the plasma
membrane, respectively. Furthermore, the locations of AuNPs at
energy minima differ a lot in the two membranes (Fig. 11a–c). The
different transmembrane kinetics can be mainly attributed to the
variations in hydrophilicity, thickness, and rigidity between the
membrane models. The plasma membrane, which contains a
substantial cholesterol content, exhibits a higher degree of hydro-
phobicity, thickness, and rigidity, hindering the translocation
of AuNPs.

The transmembrane pathways of NPs can be altered by the
membrane complexity. Steered MD simulations using simple
membrane models suggested that nanoparticles with dia-
meters larger than 10 nm usually transfer the membranes via
the endocytosis mechanism.197 As shown in Fig. 11d, the
neutral 10 nm AuNP is internalised via the endocytic pathway
in the case of simple bilayer membrane models. However, the
direct translocation of the neutral 10 nm AuNP was observed in
the case of the plasma membrane model, in which the AuNP is
not fully wrapped by the membrane (Fig. 11e). Interestingly,
when the AuNP is positively charged, the endocytic pathway was
observed in the case of the plasma membrane model (Fig. 11f).
These different membrane uptake pathways can be understood
in terms of the Helfrich theory of membrane elasticity,

Rmin ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffi
2kc=w

p
(1)
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where Rmin is the lower limit of NP radius below which the NP
cannot be endocytosed, kc is the bending rigidity of the
membrane, and w is the attractive adhesion energy per unit
area between the membrane and the NP.

The role of surface charge on the internalisation of AuNPs
through an idealized plasma membrane was further studied
through CGMD simulations.198 The results suggested that all the
three surface-modified 2 nm AuNPs can directly cross the
membrane without forming vesicles as their hydrodynamic sizes
are less than the minimum size (Rmin E 5 nm) required for
endosome formation. The free energy barriers for the internalisa-
tion of these NPs through the plasma membrane are 279.63 �
3.70, 388.41 � 2.29 kJ mol�1, and 416.86 � 5.93 kJ mol�1,
respectively. For all three NPs, the highest energies were observed
when the NPs are passing through and about to leave the
membrane, in contrast to the internalisation dynamics observed
for bare AuNPs. Due to the weakest electrostatic attraction between
the negatively charged NPs and the negatively charged membrane,
the anionic AuNPs exhibit the lowest energy barrier.

The impacts of lipid charge and temperature on the intake/
uptake of cationic AuNPs into lipid bilayers were investigated
using AAMD/CGMD simulations.201 The positively charged
AuNPs are unable to adhere spontaneously to a pure DSPC
lipid membrane due to the existence of a certain barrier, which
is not very large (32.4 kJ mol�1) that can be overcome by
increasing temperature. The binding interaction between catio-
nic AuNPs and the lipid membranes can be enhanced when
negatively charged lipid components (DSPG) are introduced to
pure lipid membranes (DSPG : DSPC = 1 : 3). This may acceler-
ate the incorporation of AuNPs into the membranes and lead to
lipid extraction. These results demonstrate that temperature
and lipid charge can influence the stability of the membrane,
which in turn affects the pathway of AuNPs incorporation into
the membrane. The interaction between AuNPs with different

surface chemistry and charge density and negatively charged
lipid vesicles was also investigated.202 While anionic AuNPs
adhere to the membrane surface, hydrophobic and cationic
AuNPs tend to enter the vesicle bilayer (Fig. 12a). Cationic
AuNPs with a low charge density can enter lipid bilayers to
form a stable ‘‘snorkeling’’ configuration, whereas those with
high charge density will eventually penetrate the membrane
and get into the vesicle core. The energy profiles demonstrated
that the interactions between cationic/hydrophobic AuNPs and
lipid vesicles became stronger with a decrease in distance from
the membrane centre or an increase in charge density of
cationic AuNPs (Fig. 12b). These results suggest that hydro-
phobic and electrostatic interactions are important driving
forces for their interaction with membranes.202,203

In addition to the charge, the size and surface modification
of nanoparticles can also affect their internalisation into mem-
branes. MD simulations demonstrated a three-stage adsorption
process of the SiO2 nanoparticles into DPPC lipid membranes:
SiO2 nanoparticles approach to the surface, adjust the angle of
interaction with the DPPC bilayer, and reach a stable adsorp-
tion configuration. In comparison to the surface modification
of SiO2 nanoparticles, which results in a slight increase in their
interactions with DPPC bilayers, the size effect is more pro-
nounced in enhancing the interactions between SiO2 nano-
particles and DPPC bilayers. Larger SiO2 nanoparticles
exhibited stronger interaction energies and more pronounced
effects on the arrangement of phospholipid molecules and the
integrity of the membrane.204 The ligand density is another
factor that affects the internalisation process of nanoparticles.
Dissipative particle dynamics (DPD) simulations demonstrated
that the PEGylated AuNPs with a high grafting density can be
more easily encapsulated by the zero-tension and receptor-rich
(50%) lipid bilayer than those with a low grafting density. It was
also observed that increasing the polymerisation degree of

Fig. 11 Cellular uptake of Au nanoparticles using different membrane models. (a) PMFs of a 2 nm AuNP in two lipid bilayer models. (b) and (c)
Representative snapshots of the 2 nm AuNPs translocating through the DSPC/DSPG and the plasma membrane models. (d) and (e) Representative
snapshots of internalisations of a neutral 10 nm AuNP in the DSPC/DSPG bilayer and the plasma membrane models. (f) Uptake of a positively charged
AuNP with the surface charge density (s = +0.4). Reproduced with permission from ref. 198. Copyright 2019 American Chemical Society.
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grafted PEG results in a larger nanoparticle, which in turn
makes the internalisation process less efficient due to the
increased steric repulsion energy.205

Nanoparticles may undergo structural rearrangement, alter-
ing their sizes and/or interactions with membranes during the
internalisation process. The structural rearrangement of nano-
particles mainly depends on their stiffness. DPD simulations sug-
gested that only rigid nanoparticles can completely enter the cell,
whereas the internalisation soft nanoparticles can be inhibited or
frustrated due to wrapping-induced shape deformation and non-
uniform ligand distribution.206 Soft nanoparticles may also become
more compact during the membrane penetration process, making
the internalisation of soft nanoparticles easier.207 These results
demonstrate the complex influence of nanoparticle rigidity on
membrane interactions, where slight variations in rigidity may alter
cellular internalisation behaviour.208 Given the advantages of rigid
and soft nanoparticles in cell internalisation, an efficient approach
to regulate the cell entry was proposed based on MD simulations by
tuning the mechanical properties of nanoparticles with the intro-
duction of local rigid components into soft nanoparticles.209

4.2. Receptor-mediated supramolecular interaction

The lack of specificity in the passive interactions between
nanoparticles (NPs) and biological systems may hinder their
practical applicability of medical applications. To this end,
various targeting ligands, such as small molecules, peptides,
and proteins, have been introduced to functionalise NPs. These
ligand-functionalised NPs can specifically bind to receptors
overexpressed on tumour cells, thereby enabling the targeted
drug delivery function of NPs via receptor-mediated endocytosis

(RME). The kinetics and pathways of this process are signifi-
cantly influenced by the properties of NPs, ligands, and recep-
tors. In addition, several antibody mimics based on NPs
(referred to as artificial antibodies) have also been developed
for the rapid and selective detection of pathogenic bacteria.

4.2.1. Interaction of folic acid-functionalised nanoparticles
with receptors. It has been reported that the folic acid (FA)-
functionalised PEGylated AuNPs can specifically recognise the
folate receptors (FRs) overexpressed on HeLa cells. Furthermore,
the adsorbed serum proteins do not abolish the targeting ability
of AuNPs because of the highly dynamic nature of protein
adsorption.210 However, the cellular uptake of AuNPs in the
presence of adsorbed proteins can be affected by NP sizes. For
example, protein adsorption would result in a reduction in the
targeting ability of small NPs (5 nm) but an enhancement in
that of large NPs (40 nm) relative to bare NPs. These observa-
tions were consistent with the DPD simulations, which demon-
strated that large NPs loaded with proteins can be gradually
engulfed and internalised by the membrane, whereas small NPs
loaded with proteins can only adhere to the membrane surface
even on a long time scale of 8000 ns (Fig. 13a). This is likely
because large NPs with a small surface curvature bind to FRs
through multivalent interactions, whereas small NPs with a
large surface curvature recognise FRs mainly through one-on-
one binding interactions. Therefore, protein adsorption would
enhance cell targeting when NPs are large but interfere with cell
targeting when NPs are small.

The cell density of HeLa cells also has a significant effect on
the cellular uptake of PEGylated Au NPs decorated with FA
molecules. It was found that NPs were readily internalised by

Fig. 12 Effects of surface charge on cellular uptake of Au nanoparticles. (a) Equilibrium configurations of different AuNPs interacting with the vesicle and
the PMF profiles of AuNPs entering into the vesicle. (b) Equilibrium configurations of the cationic AuNPs with different surface charge densities interacting
with the vesicle and their interaction energy profiles. Reproduced with permission from ref. 202. Copyright 2021 the Owner Societies.
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cells via endocytosis in dilute cell cultures, but were trapped at the
cell junctions in high density cell cultures.211 DPD simulations
(Fig. 13b) indicated that an adhesive nanoparticle placed above a
single membrane can be fully wrapped by the membrane to
achieve the endocytosis. However, when the nanoparticle was
positioned between two membranes, the wrapping process was
strikingly hindered and no internalisation occurs. Further free
energy analysis suggested that adhesion, bending, and protrusion
of two membranes result in complicated energy contributions that
cause the nanoparticle to be trapped at cell junctions.

Classical MD simulations were conducted to investigate the
dynamics of FA-functionalised TiO2 NPs in binding with FR,
specifically, FRa, which is overexpressed on tumour cells.212 As
shown in Fig. 13c, FR/TiO2-PEG-10-FAsb0 and FR/TiO2-PEG-20-
FAsb0 represent the PEGylated TiO2 NPs functionalised by 10
and 20 FA molecules, respectively. The comparison between

these two systems indicated that an increased FAsb0 density led
to a stronger interaction with the FR due to a more pronounced
polar environment surrounding the PEGylated NPs. For the
non-PEGylated system (FR/TiO2-48-FAsb0-g), an excessive inter-
action between the nanodevice and the FR was observed,
leading to a larger deformation of the protein secondary
structure. In addition, the contact surface area between the
functionalised NPs and the FR was increased when the depro-
tonated FA molecules are employed. This was particularly
evident for the PEGylated system with a higher FAsb0 density.
As a result, the PEG spacer, FA density, and FA protonation
state are important parameters that can be tuned for the
optimal design of functionalised nanodevices.

4.2.2. Interaction of peptide-functionalised nanoaprticles
with receptors. Peptide is another important targeting ligand
for the functionalisation of nanoparticles. For example, the

Fig. 13 Interactions of folic acid-functionalised nanoparticles with folate receptors. (a) Snapshots of simulated cell uptake of protein-bound
nanoparticles with different sizes. Reproduced with permission from ref. 210. Copyright 2016 American Chemical Society. (b) Snapshots of simulated
nanoparticle interactions with single and two membranes. Reproduced with permission from ref. 211. Copyright 2019 the Royal Society of Chemistry. (c)
configurations of folic acid functionalised TiO2 nanoparticles binding to folate receptors. Reproduced with permission from ref. 212. Copyright 2023 CC-
BY 4.0.
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peptide-functionalised Au nanoparticles (Au10Peptide5) could spe-
cifically target to the epidermal growth factor receptor (EGFR) on
the membrane of HeLa cells.213 Molecular docking and MD
simulations were performed to understand such specific ligand–
receptor interaction. It was found that the Au10Peptide5 could
specifically and stably bind to the natural active sites between
domain I and domain III of EGFRs in both active (see A-EGFR) and

inactive (see I-EGFR) states (Fig. 14a). Nevertheless, the binding of
Au10Peptide5 to EGFR in the active state is stronger than in the
inactive state. Importantly, the binding of Au10Peptide5 has a
minor influence on the conformations of EGFRs, which does not
affect their activity in either the A-EGFR or I-EGFR states.

It is also possible that the functionalised nanoparticles may
stimulate the cellular uptake of unfunctionalised bystander

Fig. 14 Interactions of peptide-functionalised nanoparticles with receptors. (a) Binding of Au10Peptide5 to A- and I-EGFRs. Reproduced with permission
from ref. 213. Copyright 2018 Elsevier. (b) Simulation of synergistic cell entry of T-NP and B-NP and the corresponding potential of mean force profile.
Reproduced with permission from ref. 214. Copyright 2022 American Chemical Society. (c) Time evolution of interaction energies (Eint) between CNT–
peptide (or KK10 peptide) and HLA-TCR receptor. Reproduced with permission from ref. 215. Copyright 2017 AIP Publishing. (d) Binding mode of HCC167
peptide (ligand functionalising polymer self-assembled nanoparticle) and ALPPL2 receptor. Reproduced with permission from ref. 216. Copyright 2022
Wiley-VCH. (e) Molecular docking patterns of CW and CY peptides with prominin-1 receptor. Reproduced with permission from ref. 217. Copyright 2019
American Chemical Society. (f) Molecular docking pattern of P17 lipopeptide and avb3 integrin receptor. Reproduced with permission from ref. 218.
Copyright 2023 Elsevier.
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nanoparticles (B-NPs). For example, the transactivator of tran-
scription (TAT) can bind with the heparan sulfate proteoglycans
(HSPGs) on the cell surface, thereby inducing the receptor-
mediated endocytosis.214 In the presence of TAT-functionalised
NPs (T-NPs), such as T-Ag or T-Au, the B-NPs can spontaneously
move towards T-NPs and eventually enter the same endocytic
vesicle (Fig. 14b). The decline in free energy may be the
thermodynamic driver for the T-NPs-induced cellular uptake
of B-NPs. The bystander activity depends on the sizes of B-NPs,
which is further rationalised through free energy calculations.

A HIV-1 immunodominant peptide KK10 was predicted to be
a suitable candidate for covalent conjugation to CNT via the arginine
residues.215 As shown in Fig. 14c, the interaction of the CNT–peptide
with the T cell receptor (TCR) is stronger than that of KK10, but the
interaction of the former with the human leukocyte antigen (HLA) is
weaker than that of the latter. Structural analysis revealed that the
CNT–peptide binds to the TCR with more salt bridges than KK10,
but with fewer hydrogen bonds and hydrophobic interactions when
binding to the HLA. However, the CNT–peptide and KK10 exhibit
strong and comparable binding interactions with the HLA–TCR
complex (Fig. 14c), demonstrating that the CNT–peptide complex
can take advantage of both stability and targeting ability. In addition
to being anchored on rigid inorganic nanoparticles, the peptide can
be loaded into the soft nanoparticles via co-assembly. For example,
the HCC167 peptide-loaded polymer nanoparticle can specifically
recognise the ALPPL2 protein on the HepG2 cell membrane,
exhibiting a potent active targeting strategy for mRNA-based hepa-
tocellular carcinoma (HCC) therapy.216 The molecular docking
simulation showed that the binding affinity between the HCC167
ligand and the ALPPL2 receptor mainly came from the hydrogen-
bonding interactions and p–H interactions (Fig. 14d).

The functionalisation of nanoparticles with a single peptide
may not achieve the desired targeting efficiency. An example
was found in the PEGylated-liposome functionalised with the
activated endothelium targeting peptide (AETP).219 The off-
targeting of the AETP is likely due to its restricted availability to
target receptors, resulting from the steric hindrance induced by
the PEG polymer and the affinity for bloodstream proteins,
especially human serum albumin (HSA). MD simulations and
protein–ligand docking calculations demonstrated that the AETP
is located deeper inside the PEG layer and that the affinities of
AETP and PEG for HSA are similar.220 To improve the targeting
efficacy, a dual-peptides functionalisation strategy was proposed.
Molecular docking simulations demonstrated that a CW/CY-
peptides-targeting (CW = CWRLRWHSPLK and CY = CYIVFYDS-
PLE) liposomal probe exhibits a strong affinity towards the
prominin-1 receptor in both cellular and in vivo levels.217 As
shown in Fig. 14e, CW and CY can both insert into the hollow
pocket of prominin-1 and bind to the two inner sides of the
protein. These studies suggest that a precise control of the
surface density and systematic optimisation of the surface spatial
distance of the ligand peptides could significantly enhance the
targeting efficiency of the peptide-coated nanoparticles.

Peptides can also self-assemble into nanoparticles for med-
ical applications. An amphiphilic P17 lipopeptide (C8H15O-
KALKALKKALKALKDGR) was fabricated through the conjugation

of the RGD peptide with the KLA peptide and the modification by
n-octanoic acid.218 The self-assembled P17 lipopeptide can encap-
sulate anticancer drugs such as doxorubicin to form P17@dox-
orubicin. In addition, it can recognise the avb3 receptor of the
integrin protein overexpressed on the tumour surface. Subse-
quent molecular docking simulations indicated that the RGD of
P17 could successfully dock with the extracellular fragment of the
avb3 receptor through 12 hydrogen-bonding interactions
(Fig. 14f). Similarly, a biomimetic peptide nanoparticle (BP-
KFFVLK-WYKDGD) was reported to demonstrate a specific target-
ing ability to the lysophosphatidylcholine (LPC) receptor. This
was attributed to the stronger interaction between the peptide
nanoparticle and the LPC receptor in atherosclerotic plaques
than that with the human umbilical vein endothelial cell.221 The
all-atom MD simulations showed that, the YKDG amino acids are
the main fragment responsible for the specific binding between
the peptide and the LPC receptor under neutral conditions.

4.2.3. Interaction of protein-functionalised nanoparticles
with receptors. Inspired by exosomes, a natural nanocarriers,
the mucin-domain-containing molecule-4 (TIM4 protein)-
decorated chitosan-based NPs were synthesized and showed a
higher cellular uptake than unfunctionalised NPs. The cellular
uptake was tested in cancer cells such as glioblastoma U-87 MG,
which overexpressed phosphatidylserine (PS).222 The higher cel-
lular uptake of TIM4-decorated NPs was rationalised by all-atom
MD simulations, which demonstrated that the binding free
energy between the TIM4 ligand and PS receptor is more negative
(�17.5 kcal mol�1) than that between chitosan and PS (�9.1 kcal
mol�1). This can be attributed to the stronger electrostatic and
van der Waals interactions between the TIM4 ligand and PS
receptor. In addition, it was found that 10 residues of TIM4,
including ASN39, SER40, LYS41, ARG91, GLU93, VAL94, GLY96,
PHE98, ASN99 and ASP100, played crucial roles in the binding
interaction with the PS receptor (Fig. 15a).

4.2.4. Artificial antibodies. The supramolecular interac-
tions between antigen and antibody are crucial in the immune
response to eliminate pathogens, such as viruses and bacteria. By
carefully designing the anchoring peptides from natural antibo-
dies, the resulting peptides-functionalised nanoparticles (artifi-
cial antibodies) can achieve the functionality of specific antigen
recognition.225 For example, a series of luminescent antibody
mimics was designed using transition metal dichalcogenide
(TMD) nanosheets as the rigid scaffolds and multivalent tripep-
tide assembly (TPA) as the flexible recognition sites.223 Among
the TMD-TPA antibody mimics, WS2-HAH, WS2-HHH, and WS2-
GHG were E. coli O157:H7-specific, recognising the type 1 fim-
brial adhesin (FimH, a membrane protein); WS2-CHC and MoSe2-
KSC were S. typhimurium-specific, recognising the FimH and
lipopolysaccharides (LPS), respectively; and MoSe2-KSI was S.
aureus-specific, recognising the peptidoglycan (PepG).

To understand the selective recognition of these TMD-TPA
antibody mimics, their binding free energies with bacterial
membrane components (i.e., FimH, LPS, and PepG) were
calculated using all-atom MD simulations. As shown in
Fig. 15b, the calculated binding free energies of WS2-HAH
(�14.0 kJ mol�1) and WS2-GHG (�16.0 kJ mol�1) are more
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Fig. 15 Interactions of protein-functionalised nanoparticles with receptors and artificial antibodies. (a) Binding of TIM4 (protein ligand functionalising
chitosan-based NPs) and PS receptor. Reproduced with permission from ref. 222. Copyright 2016 the Royal Society of Chemistry. (b) Binding of TMD-
TPA artificial antibodies and FimH of E. coli O157:H7. Reproduced with permission from ref. 223. Copyright 2021 Wiley-VCH. (c) Binding of CM-dex-WS2

artificial antibody and O157–antigen of E. coli O157:H7. Reproduced with permission from ref. 224. Copyright 2021 American Chemical Society.
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negative than that of WS2-CHC (�8.4 kJ mol�1) for binding with
the FimH of E. coli O157:H7. Likewise, the binding free energy of
MoSe2-KSI (�7.7 kJ mol�1) is more negative than that of WS2-GHG
(�3.1 kJ mol�1) for binding with the PepG of S. aureus. Addition-
ally, the binding free energy of MoSe2-KSC (�22.5 kJ mol�1) is
more negative than that of WS2-CHC (�10.8 kJ mol�1) for binding
with the LPS of S. typhimurium. These results are consistent with
above experimentally observed specific recognition of bacteria by
these antibody mimics. It was also noted that multivalent hydro-
gen bonding interactions exist between these antibody mimics and
bacteria proteins. Therefore, the dynamic and multivalent tripep-
tide spaces of TMD-TPA antibody mimics played important roles
for their selective recognition of pathogenic bacteria.223 In addition
to TPA peptides, the nonbiological multivalent polymeric ligands
can be used in the design of antibody mimics.224 The CM-dex-WS2

was E. coli O157:H7-specific, recognizing the O-antigen (O157)
residue of the bacteria LPS, while dex-WS2 was S. aureus-specific,
recognizing the Staphylococcal protein A (SpA) of the bacteria. The
CM-dex and dex represent carboxymethylated dextran and neutral
dextran, respectively. These specific bacteria recognitions were
consistent with the strong binding interaction between CM-dex-
WS2 and the O157-antigen of E. coli O157:H7 LPS via multivalent
hydrogen-bonding interaction (Fig. 15c).

4.2.5. Factors influencing the kinetics and pathways of
receptor-mediated endocytosis

Nanoparticle properties. The influence of NP properties (size,
shape, stiffness, etc.) on RME has been theoretically investi-
gated by using CGMD or DPD simulations. For the size effect, it
was found that the endocytosis of larger NPs can be more
readily achieved than that of smaller ones, due to a more
favourable compromise between bending rigidity and surface
adhesive energy,226 which was also observed for other NPs,
such as the icosahedral NPs with different diameters (5, 8, and
12 nm) and the graphene nanosheets with sizes ranging from
3.5–14.0 nm.227,228 An optimal size was suggested for spherical
NPs, at which endocytosis would occur in the shortest time. As
shown in Fig. 16a, the simulations demonstrated that NPs with
a small size (NP radius R = 5.0s, s E 2 nm) could only be
partially wrapped. NPs with an intermediate size (R = 7.5s)
exhibited the fastest endocytosis process, while further increas-
ing the NP sizes (R = 10.0s and 12.5s) resulted in a monotonic
slowing of the endocytosis process.229 These results seemingly
suggest that a size of approximately 15 nm is optimal for the
endocytosis of NPs, which requires further investigation.

For the shape effect on RME, it was found that spherical NPs
exhibited the fastest endocytosis rate, followed by cubic NPs, then
rod-like NPs, and finally disk-like NPs (Fig. 16b).230 Free energy
calculations showed that the difference in membrane bending
energy, increasing in the order of sphere o cube o rod o disk, is
the main reason for the observed NP shape effect (Fig. 16b).
Similarly, the spherical NPs can be fully endocytosed more rapidly
than the spherocylindrical NPs with an aspect ratio of 2, but less
rapidly than those with an aspect ratio of 1.5 (Fig. 16c).229 In
addition, the spherocylindrical nanoparticles exhibited an endo-
cytic pathway consisting of a sequence of laying-down and
standing-up events, different from that observed for spherical

NPs (Fig. 16c). These findings suggest that the shape of NPs plays
complex roles on RME kinetics, which is significantly influenced
by the rotation and initial orientation of differently shaped
NPs.232,233

For the stiffness effect on RME, it was found that nano-
particles with a bending rigidity (kb) of 100e were the first to be
fully wrapped, followed by those with kb values of 10, 1, and 0.1e
(Fig. 16d).231 Further free energy analysis revealed that the
energy barriers for soft nanoparticles (kb = 0.1, 1e) were lower
than those for stiff nanoparticles (kb = 10, 100e) at the wrapping
ratio less than 0.5. However, the former exhibited a sharp
increase and became much higher than the latter at the wrap-
ping ratio larger than 0.5. The overall energy barriers for the stiff
nanoparticles are lower than those for the soft ones, resulting in
the faster endocytosis of the stiff nanoparticles.

Ligand properties. MD simulations have also been employed
to elucidate the influence of functional ligands on the RME of
nanoparticles.227,234,235 For example, the strength of the receptor–
ligand interaction as well as the density, rigidity, and length of
ligands, are all important factors influencing the RME.234 As
shown in Fig. 17a, an increase in the strength of the receptor–
ligand interaction, ligand density and ligand rigidity would result
in a larger engulfment degree and a higher probability of comple-
ment engulfment of NPs. For the effect of ligand length on RME
(Fig. 17a), it was found that, when the receptor–ligand interaction
strength is low, the engulfment degree of NPs increases with the
increasing ligand length. However, when the receptor–ligand
interaction strength is high, the short ligand is good for the
engulfment. Similarly, NPs with a high ligand density can be
spontaneously wrapped, whereas NPs with a low ligand density
cannot.227 However, for NPs with a medium number of ligands,
the ligand distribution becomes the most important factor affect-
ing the RME kinetics rather than the ligand density; the most
homogeneous distributions with ligands evenly spread are the
most efficient for the uptake of NPs.

Receptor properties. MC simulations were performed to sys-
tematically investigate the effects of mechanical (receptor flexural
rigidity), geometrical (receptor length), and biochemical (ligand–
receptor reaction cutoff) properties of receptors, on RME with
and without the existence of clathrin.236 As shown in Fig. 17b, in
the presence of clathrin, a smaller receptor flexural rigidity and a
shorter receptor length facilitates the formation of more ligand–
receptor bonds and promotes the internalisation of nano-
particles. On the contrary, the ligand–receptor bonds formed
for RME without clathrin are much less, suggesting that the
clathrin is crucial for nanoparticle internalisation.

4.3. Summary

In summary, nanomaterials can interact with biological entities
like cell membranes and receptors through supramolecular
interactions, which include the passive and receptor-mediated
internalisation processes of nanoparticles. All-atom and coarse-
grained MD simulations are the main computational methods to
investigate these supramolecular interactions. MD simulations
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have been used to investigate the translocation of nanoparticles
through lipid bilayer membranes. The study reveals that the
intrinsic properties of nanoparticles, such as size, shape, sur-
face charge, and modifications, significantly affect their inter-
action with the membrane. The simulations also consider the
impact of membrane complexity on the uptake pathways and
energy barriers for nanoparticle internalisation. MD simula-
tions have also been employed to study the binding dynamics
and the influence of nanoparticle properties, ligand properties,
and receptor properties on the receptor-mediated endocytosis
process. The research emphasizes the importance of functiona-
lising nanoparticles with targeting ligands to improve their
specificity in medical applications. The simulations play a
critical role in elucidating the kinetics and pathways of cell-

nanoparticle interactions. They provide insights into how dif-
ferent surface charges, sizes, and surface modifications of
nanoparticles affect their internalisation. Furthermore, simula-
tions help in understanding the role of ligand density, rigidity,
and length, as well as the properties of receptors, in the
receptor-mediated endocytosis process. The study suggests that
a clear understanding of supramolecular interactions, facili-
tated by MD simulations, is necessary for the advancement of
nanodrug research.

Although MD simulations play a crucial role in understanding
supramolecular interactions. However, leveraging these techni-
ques to computationally design novel nanodrugs with tailored
membrane translocation characteristics remains a significant
challenge. Additional experimental research is essential to

Fig. 16 Effects of nanoparticle properties on receptor-mediated endocytosis. (a) Size effects. Reproduced with permission from ref. 229. Copyright
2013 American Chemical Society. (b) and (c) Shape effects. Reproduced with permission from ref. 230. Copyright 2015 the Royal Society of Chemistry.
(d) Stiffness effects. Reproduced with permission from ref. 231. Copyright 2018 the Owner Societies.
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elucidate the key determinants of nanomaterial transmembrane
activity. Concurrently, computational studies should concentrate
on these pivotal factors to establish robust quantitative structure–
activity relationships, facilitating the de-novo design process.

5. Surface catalysis-based nanodrugs

The catalytic ability of nanomaterials is an important property that
enables their various medical functions. In recent years, numerous
reports have shown that nanomaterials can serve as efficient
biocatalysts to regulate cellular reactive oxygen species,13,237,238 to
cleave phosphoester and other P-containing bonds present in
organophosphates,239 and to catalyse other medically relevant
biochemical reactions, such as the constant generation of gaseous
signalling molecule NO240,241 and lactate dehydrogenation.242,243

The catalytic properties of nanomaterials have made them promis-
ing nanodrugs (termed surface catalysis-enabled nanodrugs) for
the treatment of cancer, bacterial infection, oxidative stress-related
diseases, nerve agent poisoning, cardiovascular diseases, and other
diseases.13,237–240,244–247 Apparently, the catalytic activity plays an
important role in the therapeutic efficacy of surface catalysis-
enabled nanodrugs. Therefore, it is of great importance to

comprehensively understand the underlying mechanisms and
kinetics of biochemically relevant reactions catalysed by nanoma-
terials. Such knowledge is useful for the development of predictive
models for catalytic activity, which will facilitate the screening and
rational design of high-performance nanodrugs.

5.1. Targeted biochemical reactions and relevant medical
functions

5.1.1. Nanodrugs regulating reactive oxygen species (ROS).
Nanomaterials (NMs) that can regulate the intracellular level of
ROS such as O2

��, H2O2, 1O2, and �OH, are representative
surface catalysis-based nanodrugs.237 There are two main
approaches for nanomaterials regulating ROS: one is driven by
exogenous light, electricity, ultrasound, X-ray, etc; the other is
based on endogenous chemical stimuli, such as the enzyme-like
catalysis.237,246,247 Herein, we will focus on the ROS regulation
reactions driven by enzyme-like catalysis, including peroxidase-,
oxidase-, superoxide dismutase-, and catalase-like catalysis.

Peroxidase-like nanocatalysis. Nanomaterials with peroxidase-
like activity can catalyse the reduction of hydrogen peroxide
(H2O2) with organics, such as amines, which act as electron

Fig. 17 Effects of ligand and receptor properties on receptor-mediated endocytosis. (a) Effects of ligand properties. Reproduced with permission from
ref. 234. Copyright 2012 Elsevier. (b) Effects of receptor properties. Reproduced with permission from ref. 236. Copyright 2023 the Royal Society of
Chemistry.
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donors, (Fig. 18a). One of the most commonly used chromogenic
substrates is 3,30,5,50-tetramethylbenzidine (TMB), which can be
oxidised to TMB+ in solution, resulting in a colour change from
colourless to blue.20 NMs possessing the peroxidase-like activities
can convert H2O2 into highly cytotoxic ROS such as hydroxyl
radicals (�OH). The high concentration of �OH produced in
bacteria would induce the oxidative stress, cause damage to the
bacterial membrane, and eventually lead to bacteria death,
making those NMs promising nanodrugs for antibacterial
applications.237,247 In addition, the �OH species generated from
the overexpressed H2O2 in the tumour microenvironment (TME)
can elevate the oxidative damage of tumour cells, inhibit the
tumour growth, and induce the apoptosis and necrosis of tumour
cells, making those NMs promising nanodrugs for tumour
chemodynamic therapy.237,247

Oxidase-like nanocatalysis. Nanomaterials with oxidase-like
activity can catalyse the oxidation of organic substrates such as
TMB by O2 molecules (Fig. 18a). In this reaction, O2 can undergo
either a two-electron or a four-electron reduction, being reduced
to H2O2 and H2O, respectively.20 Similar to peroxidase-like
nanocatalysis, NMs with oxidase-like activity can also exhibit
excellent antibacterial applications because they can promote
the formation of highly cytotoxic ROS such as O2

��.13,237,238,247

Superoxide dismutase-like nanocatalysis. Nanomaterials with
superoxide dismutase-like (SOD-like) activity can catalyse the
disproportionation of superoxide radical (O2

��) (Fig. 18a). In
this reaction, one O2

�� transfers an electron to the other with
the assistance of two protons, generating one H2O2 molecule
and one O2 molecule.20 In contrast to the peroxidase- and
oxidase-like nanocatalysis, which facilitate the generation of
ROS, the SOD-like nanocatalysis can catalyse the scavenging of
ROS (O2

��), thereby possessing therapeutic potential for the
treatment of oxidative damage-related diseases, such as neuro-
degenerative diseases (e.g., Alzheimer’s disease and Parkinson’s
disease) and ischemic stroke-reperfusion injury.13,237,238,247

Catalase-like nanocatalysis. Nanomaterials with catalase-like
activity can catalyse the disproportionation of H2O2 (Fig. 18a). In
this reaction, one H2O2 molecule transfers two hydrogen atoms to
the other, generating one O2 molecule and two H2O molecules.20

Similar to SOD-like catalysis, NMs possessing the catalase-like
activities can catalyse the scavenging of H2O2 and hold great
potential for clinical therapeutics associated with oxidative
stress.13,237,238,247 In addition, they can also be used to alleviate
tumour hypoxia by catalysing the overexpressed H2O2 into O2, and
subsequently enhancing the tumour sonodynamic/photodynamic
therapy by the production of singlet oxygen (1O2) from the generated
O2 in TME under ultrasound/light irradiation.13,237,238,247

Fig. 18 Targeted biochemical reactions for nanodrugs based on surface catalysis. (a) Nanodrugs regulating reactive oxygen species (ROS).
(b) Nanodrugs catalysing organophosphate hydrolysis. (c) Nanodrugs catalysing other biochemical reactions.
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5.1.2. Nanodrugs catalysing organophosphate hydrolysis.
The NM-catalysed organophosphate hydrolysis (Fig. 18b) has
received increasing attention because of its promising biome-
dical applications in the prevention, diagnostics, and treatment
of diseases such as nerve agent poisoning, bacterial infection,
and even cancer.239,248–250 For example, it has been reported
that a series of NMs such as noble metal Ru, metal oxides CeO2

and ZrO2, metal organic frameworks UiO-66, NU-1000, and
MOF-808, polyoxometalates, and their relevant composites can
effectively catalyse the detoxification of organophosphate nerve
agent simulants (e.g., methylparaoxon and dimethyl methylpho-
sphonate) and real nerve agents (e.g., sarin, soman, and VX) by
hydrolytically cleaving the phosphoester bond and other related
P–X bonds (X = F, S, etc).239,251–253 Furthermore, some of those
NMs, particularly those based on Ce(IV), have been demon-
strated to be effective biocatalysts for the hydrolysis of extra-
cellular DNA, making them promising candidates for the
treatment of drug-resistant bacterial biofilm infections.249

5.1.3. Nanodrugs catalysing other biochemical reactions
Nitric oxide generation. The nitric oxide (NO)-generating

nanodrugs play an important role in tumour therapy, antibacter-
ial/biofilm, and the treatment of cardiovascular disease, eye disease,
wound healing, due to the crucial biomedical functions of the
signalling molecule NO in regulating vascular relaxation, immune
response, neurotransmission, and so on.240 The NM-catalysed NO
generation (Fig. 18c) has been reported to be an effective approach to
release NO in a controlled and sustained manner for in vivo
applications, in which L-arginine and S-nitrosothiols such as S-
nitrosoglutathione (GSNO) are widely used as NO donors.241

Lactate dehydrogenation. The excessive lactate produced by
the rapid glycolysis of tumour cells can trigger the acidification of
TME, leading to the formation of an immunosuppressive TME and
the dysfunction of tumour-associated macrophages.242,254 The
lactate dehydrogenase (LDH)-like nanocatalysis (Fig. 18c) can serve
as a useful tool to deplete lactate and alleviate the acidic TME,
thereby promoting tumour-associated macrophage reprogram-
ming and enhancing tumour immunotherapy.242,243

5.1.4. pH-dependent activities of catalytic nanodrugs. It
has been well demonstrated that the activities of catalytic nano-
drugs are usually pH-dependent. An acidic pH is optimal for
peroxidase-mimicking nanodrugs, whereas neutral and alkaline
pH conditions are better for nanodrugs that mimic superoxide
dismutase and catalase.13 Most of the current computational
studies on the catalysis-based nanodrugs have been conducted
under neutral conditions, largely due to the inherent difficulty in
directly simulating the actual pH conditions. However, several
strategies have been suggested to incorporate the influence of pH
on the activities of catalytic nanodrugs. For example, an H or OH
group can be pre-adsorbed on the nanosurface to simulate the
acidic or alkaline conditions, respectively, in order to understand
the reaction mechanisms of catalytic nanodrugs.255 In the case of
nanodrugs catalysing the hydrolysis of organophosphates such as
methylparaoxon, an alkaline buffer solution is usually required,
which can be considered by using an OH� anion as the nucleo-
phile in theoretical calculations.256

5.2. Mechanistic insight into activities of catalytic nanodrugs

5.2.1. Catalytic mechanisms for nanodrugs mimicking
peroxidase

Metals. A base-like H2O2 decomposition mechanism was
proposed for noble metals (e.g. Au, Ag, Pd, and Pt) mimicking
peroxidase, in acidic conditions.255 As shown in Fig. 19a, the
H2O2 molecule is firstly adsorbed on the nanosurface (A - B),
followed by the O–O bond cleavage to yield two HO* (B - C).
Subsequently, the rearrangement of the two HO* occurs to generate
H2O* and O* (C - D), in which the generated O* would further
oxidise organic substrates such as TMB to complete the catalytic
cycle. In this mechanism, the step of B - C is the rate-determining
step (RDS). The calculated energy barriers of this step for the four
noble metals are moderate or small, with the order of Au(111) 4
Ag(111) 4 Pt(111) 4 Pd(111), which is consistent with their
increased peroxidase-like activities observed in experiments.255

Based on the base-like H2O2 decomposition mechanism, the energy
barrier of the RDS for Hg@Au(111) (0.26 eV) is lower than that for
Au(111) (0.57 eV),257 consistent with the better peroxidase-like activity
of Hg@Au amalgam than Au. A similar mechanism was proposed
for 2D titanium carbide-supported RhRu alloy nanoclusters (RhRu/
Ti3C2Tx). The energy barrier for this composite is significantly lower
than that for Ti3C2Tx (Fig. 19b), indicating that the peroxidase-like
activity of this composite mainly arises from the RhRu alloy.258

Metal oxides. The mechanisms for iron oxides mimicking
peroxidase were investigated by using both cluster and periodic
models.259,260 It was found that the H2O2 molecule would
undergo the dissociative adsorption on the surface in a hetero-
lytic manner (Fig. 19c). Subsequently, a reactive oxygen adsor-
bate is formed (B - C, RDS), followed by the one-by-one
oxidation of two TMB molecules. The highly negative reaction
energy and the moderate energy barrier for the overall reaction
suggest that this reaction is both thermodynamically and
kinetically favourable. A similar mechanism was proposed by
using a series of periodic models of iron oxides.260 As shown in
Fig. 19d, the homolytic dissociative adsorption of a H2O2

molecule firstly occurs on the surface, resulting in the for-
mation of two HO* (i, H2O2 + 2* - 2HO*). The subsequent
main reactions are the consecutive reduction of these two OH*
by TMB (ii and iii, OH* + TMB + H+ - H2O + TMB+ + *). Each
reduction reaction proceeds via the protonation-coupled trans-
fer of a hydrogen atom from the amino group of TMB to OH*.
The RDS can be step i or step iii for different iron-oxide slabs,
depending on the affinity of nanosurface to the hydroxyl group.
This characteristic feature is of great importance in establish-
ing an activity prediction model for NMs mimicking peroxi-
dase. A similar catalytic mechanism was found for nanoceria
mimicking peroxidase.261 The dissociation of H2O2* to two OH*
(B - C, Fig. 19e) is the RDS with a moderate energy barrier of
1.14 eV, consistent with the experimental finding that nanoceria
exhibited a peroxidase-like activity under acidic conditions.263

Furthermore, the calculated energy barriers for the decomposition
of H2O2 on different facets of nanoceria increase in the order of
(110) o (100) o (111), which is consistent with their decreasing
peroxidase-like activities observed in experiments.264 The catalytic
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mechanism for metal oxides mimicking peroxidase with other
organic donors, such as glutathione, is similar to that with TMB as
the electron donor.262 As shown in Fig. 19f, the overall reaction
process is almost barrierless (0.09 eV), demonstrating their high
glutathione peroxidase-like activities.262

Carbon nanomaterials. In order to gain insight into the active
centre and the catalytic mechanism for graphene oxide (GO)

mimicking peroxidase, systematic theoretical calculations
have been performed, considering various GO models with
different oxygen-containing functional groups.265 The carbo-
nyl group can serve as the active centre, undergoing three
key elementary steps: the protonation of the carbonyl, the
activation of the CQO bond by the addition reaction of H2O2

(RDS), and the oxidation of TMB molecules. The energy
barrier of the RDS is not very large (1.02 eV), agreeing with

Fig. 19 Mechanisms and energy profiles (in eV) for nanomaterials mimicking peroxidase. (a) Au(111). Reproduced with permission from ref. 255.
Copyright 2015 Elsevier. (b) Comparison between RhRu/Ti3C2Tx and Ti3C2Tx. Reproduced with permission from ref. 258. Copyright 2023 Wiley-VCH. (c)
Fe3O4 cluster. Reproduced with permission from ref. 259. Copyright 2019 American Chemical Society. (d) Periodic models of iron oxides. Reproduced
with permission from ref. 260. Copyright 2020 American Chemical Society. (e) CeO2-O3c. Reproduced with permission from ref. 261. Copyright 2021
American Chemical Society. (f) Citrate functionalised Mn3O4. Reproduced with permission from ref. 262. Copyright 2021 Wiley-VCH.
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the experimentally observed peroxidase-like activity of GO in
acidic conditions.266

Heteroatom doping is a common method for improving the
catalytic activity of carbon nanomaterials. A detailed mecha-
nistic investigation on N-doped rGO was conducted to elucidate
reasons for the enhanced peroxidase-like activity of rGO by N-
doping.267 The N-doped rGO firstly captures one O atom of
H2O2 to generate an epoxy O and a water molecule. Subse-
quently, the epoxy O moves closer to the N atom and trans-
forms into a radical O*, which further abstracts two H atoms to
from two TMB-dH molecules. Conversely, the radical O* cannot
be formed in the absence of the doped N atom, suggesting that
the formation of the radical O* is crucial to the enhanced
peroxidase-like activity of N-rGO. This mechanism is applicable
to other carbon nanomaterials that mimic peroxidase when
different kinds of heteroatoms are doped.245,268

Single-atom catalysts. The reaction mechanisms for single-
atom catalysts (SACs) mimicking peroxidase have also been reported.
The one-step decomposition of H2O2 molecule into a O* radical was
found on M–N–C after H2O2 adsorption. The energy barrier of this
step is much lower on Fe–N–C than that on Co–N–C, agreeing well
with their peroxidase-like activities.269 The H2O2 molecule can also
undergo a stepwise dissociation on SACs to form the O* intermedi-
ate. This process involves the formation of two OH* and subsequent
rearrangement to form the O* and H2O*,270 which has been found
on FeN3P-SAC, FeN4-SAC, and Fe3O4. However, the reduction of O*
and desorption of H2O molecules are uphill in energy, determining
the peroxidase-like activity of SACs. The proposed mechanism could
also be employed to understand the difference in the peroxidase-like
activity of Fe- or Pt-based SACs.271,272

Summary. In conclusion, the peroxidase-like nanocatalysis
typically occurs via the activation of H2O2 and the subsequent
oxidation of substrates, such as TMB. The mechanism of H2O2

activation can be broadly described as follows:
(1) H2O2 is decomposed into 2OH* with iron oxide and

CeO2-O3c as representative examples.
(2) H2O2 is decomposed into O* and H2O, with the genera-

tion of O*occurring with or without the formation of 2OH* as
the intermediate. This reaction process has been observed on
Au(111), FeN3P-SAC with 2OH* as the intermediate, and on N-
rGO and Fe–N–C SAC without 2OH* as the intermediate.

The subsequent oxidation of TMB can be achieved by the
reactive oxygen species. In the aforementioned theoretical stu-
dies, different forms of TMB (TMB, TMB + H+, and TMB-H+) and
oxidised TMB (TMB-dH and TMB+) have been considered.
Collectively, these mechanisms can provide a rationale for the
catalytic activities of NMs mimicking peroxidase and are useful
for the development of predictive models for their activities.

5.2.2. Catalytic mechanisms for nanodrugs mimicking oxidase
Metals. The O2 dissociation mechanism (Fig. 20a) was

proposed for noble metals mimicking oxidase. In this mecha-
nism, the O2 molecule is firstly adsorbed on the surface and
then undergoes the homolytic cleavage to generate two
adsorbed O*.273 The calculated energy profiles indicated that

Pd(111) and Pt(111) are both thermodynamically and kineti-
cally more favourable than Ag(111) and Au(111) for O2 dissocia-
tion, agreeing well with the experimental results.273 The
simplicity of this mechanism has facilitated its extensive appli-
cation in elucidating the differences in oxidase-like activities of
various nanomaterials.274–278

A more detailed investigation into the glucose oxidase-like
activity of Au was carried out, revealing two main half-reactions:
the dehydrogenation of glucose to form glucono delta-lactone
(GDL) and the hydrolysis of GDL to gluconate (Fig. 20b).279 The
first half-reaction proceeds via co-adsorption of glucose and O2,
followed by two consecutive hydrogen transfers from glucose*
to O2*, resulting in the formation of C6H10O6* and H2O2* (A -

H). The second half-reaction occurs with the assistance of a
hydroxyl group, which binds to the GDL ring and subsequently
breaks the ring to form the gluconate* (I - K). This step is the
RDS with a moderate energy barrier of 1.02 eV, which is
consistent with the experimentally observed oxidase-like activ-
ity of Au.281

Metal oxides. A four-electron reduction mechanism of O2 by
TMB on the CeO2-O3c surface261 was proposed to understand
the oxidase-like activity of nanoceria in acidic conditions.282

This mechanism involves the adsorption of O2 on the surface,
followed by the stepwise reduction of O2* (Fig. 20c). The energy
for these processes decreases continuously, resulting in the
formation of four TMB+ and two H2O molecules as products, in
accordance with the experimental findings.282

Metal organic frameworks. Similar to metal oxide, a four-
electron reduction mechanism was proposed for MIL-53(Fe)-X
mimicking oxidase. As shown in Fig. 20d, the initial transfer of
one electron from TMB to MIL-53(Fe)-X (A - B) is followed by the
proton-coupled adsorption of an O2 molecule to the Fe centre to
generate HOO*, which is then reduced by three consecutive
proton-coupled electron transfer steps to yield two H2O
molecules.280 The calculated energy profiles indicate that the
step of A - B is the RDS and that the reactivity follows the order
of X = NO2 4 F 4 Cl, Br 4 OH 4 H 4 CH3 4 NH2, in
accordance with the experimentally observed decreasing oxidase-
like activity order of MIL-53(Fe)-X.280

Summary. In conclusion, the mechanisms for oxidase-like
nanocatalysis can be broadly outlined as follows:

(1) The O2 dissociation mechanism, exemplified by noble
metals, such as Au, Ag, Pd, and Pt.

(2) The two-electron reduction mechanism of O2, which has
been found on Au(111) mimicking the glucose oxidase.

(3) The four-electron reduction mechanism of O2, which has
been found on CeO2-O3c and MIL-53(Fe).

These mechanisms provide a rational explanation for the
catalytic activities observed in NMs mimicking oxidase. The
direct O2 dissociation mechanism is particularly useful for
understanding the difference in oxidase-like activities of var-
ious nanomaterials.

5.2.3. Catalytic mechanisms for nanodrugs mimicking
SOD. The superoxide anion radical O2

�� is a Brønsted base
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with pKb = 9.12, which enables it to capture a proton from water
to form HO2

� and OH�. Therefore, the HO2
� radical has been

commonly employed in computational studies of the catalytic
mechanisms for SOD-like nanocatalysts.

Noble metals. Simultaneous rearrangement of two HO2
� to

O2 and H2O2 can occur on noble metals.273 As shown in Fig. 21a,
the adsorption of two HO2

� on the Au(111) and Pt(111) surfaces
is highly exothermic. Subsequently, the adsorbed two HO2

�*
undergo a rearrangement to yield H2O2* and O2* with small
energy barriers for both Au and Pt, in consistent with their SOD-
like activities observed in the experiment.283,284

Metal oxides and sulfides. Three possible mechanisms have
been found for metal oxides and sulfides, such as CeO2, NiO,
and MoS2�x, which exhibit the SOD-like activities.285,286,288–290

The mechanism of the simultaneous rearrangement of two

HO2
� was proposed for nanoceria (Fig. 21b). The calculated

energy barrier for Ov-containing CeO2 such as CeO2(111)-O3c is
small (0.37 eV), whereas that for Ov-free CeO2(111) is large
(1.46 eV). This is consistent with the experimental observation
that a higher Ce3+/Ce4+ ratio in nanoceria would result in a
stronger SOD-like activity.285

A HOMO (the highest occupied molecular orbital)-mediated
mechanism was proposed for the SOD-like catalytic activity of
NiO. In this mechanism, the NM is first oxidised by one O2

��

(O2
�� + 2H+ + NM - H2O2 + NM+) and then reduced by another

O2
�� (O2

�� + NM+ - O2 + NM), with positively charged NM+ as
the intermediate (Fig. 21c).286 On the contrary, a LUMO (the
lowest unoccupied molecular orbital)-mediated mechanism was
proposed for MoS2�x. In this mechanism, the NM is first reduced
by one O2

�� (O2
�� + NM - O2 + NM�) and then oxidised by

another O2
�� (O2

�� + 2H+ + NM�- H2O2 + NM) with a negatively
charged NM� as the intermediate (Fig. 21d). The calculated

Fig. 20 Mechanisms and energy profiles (in eV) for nanomaterials mimicking oxidase. (a) Noble metals. Reproduced with permission from ref. 273.
Copyright 2015 American Chemical Society. (b) Glucose oxidase-like mechanism for Au(111). Reproduced with permission from ref. 279. Copyright 2020
the Royal Society of Chemistry. (c) CeO2-O3c. Reproduced with permission from ref. 261. Copyright 2021 American Chemical Society. (d) MIL-53(Fe)-X
(X = NH2, CH3, H, OH, F, Cl, Br, and NO2). Reproduced with permission from ref. 280. Copyright 2021 Wiley-VCH.
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energy profiles demonstrate that these reactions can proceed
with small energy barriers.286

Carbon nanomaterials. The LUMO-mediated mechanism was
proposed for carbon nanomaterials, such as tris-malonyl C60,
C60 fullerenols, and C-dots.287,291,292 Taken the C-dot as an
example, calculations showed that the oxidation of the first
HO2

� and the reduction of the second HO2
� can both readily

occur with moderate energy barriers of less than 1 eV (Fig. 21e).
In addition, the presence of hydroxyl groups on C-dots enhances
the binding affinity to HO2

�, which may facilitate the adsorption
of HO2

�, thereby enhancing the SOD-like activity of the C-dots.
The role of the hydroxyl groups for enhancing the activity of
SOD-mimicking carbon nanomaterials has also been found in
C60 fullerenols.292

Summary. In conclusion, the mechanisms underlying SOD-
like nanocatalysis can be broadly outlined as follows:

(1) Two HO2
�, the computational model of O2

��, undergo a
simultaneous rearrangement to generate products O2 and
H2O2. This mechanism has been found in the case of noble
metals (Au, Pt) and CeO2(111)-O3c.

(2) The first HO2
� or O2

�� is oxidised to O2, followed by the
introduction and reduction of the second HO2

� to H2O2. SOD-
like nanocatalysis with this mechanism include MoS2�x, C60

fullerenols, and hydroxyl C-dot.
(3) The first HO2

� was reduced to H2O2, after which the second
HO2

� was introduced and oxidised to O2. NiO(100) is a represen-
tative example of SOD-like nanocatalysis with this mechanism.
These mechanisms provide a comprehensive explanation of the
catalytic activities observed in NMs that mimic SOD.

Fig. 21 Mechanisms and energy profiles (in eV) for nanomaterials mimicking superoxide dismutase (SOD). (a) Au(111) and Pt(111). Reproduced with
permission from ref. 273. Copyright 2015 American Chemical Society. (b) Comparison between CeO2(111)-O3c and CeO2(111). Reproduced with
permission from ref. 285. Copyright 2019 the Royal Society of Chemistry. (c) NiO(100). (d) MoS2�x. Reproduced with permission from ref. 286. Copyright
2021 CC BY 4.0. (e) C-dot with hydroxyl groups. Reproduced with permission from ref. 287. Copyright 2023 CC BY 4.0.
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5.2.4. Catalytic mechanisms for nanodrugs mimicking catalase
Noble metals. The HOMO- and LUMO-mediated mechanisms

have also been proposed for catalase-mimicking nanocatalysts.
For example, the LUMO-mediated H2O2 decomposition mecha-
nism was proposed for noble metals, such as Au, Ag, Pd, and Pt
mimicking catalase, using a pre-adsorbed OH group to simu-
late the basic environment.255 In this mechanism, the first
H2O2* is decomposed into HOO* and H, with the resulting H
automatically bonding with the pre-adsorbed OH to yield a H2O
molecule (Fig. 22a). Subsequently, the HOO* transfers its H to
another H2O2 molecule, releasing an O2 molecule and convert-
ing H2O2 to H2O* and HO* (C - D, RDS). The energy barriers

of the RDS are higher for Au(111) and Ag(111) than for Pt(111)
and Pd(111), consistent with the catalase-like activities of these
noble metals in alkaline conditions.255 This mechanism allows
for the understanding of the catalase-like activities of other
noble metal-based NMs, such as graphdiyne-templated Pd
nanoparticles and Hg@Au amalgams.257,293

Metal oxides. The LUMO-mediated mechanism also holds
for nanoceria with catalase-like activity. As shown in Fig. 22b,
the first H2O2 is oxidised by CeO2(111), resulting in the for-
mation of an O2 molecule and H2–CeO2(111) (A - D), which
is then oxidised by another H2O2 to yield two H2O molecules

Fig. 22 Mechanisms and energy profiles (in eV) for nanomaterials mimicking catalase. (a) Au(111) in alkaline conditions. Reproduced with permission
from ref. 255. Copyright 2015 Elsevier. (b) CeO2(111). Reproduced with permission from ref. 285. Copyright 2019 the Royal Society of Chemistry.
(c) H-terminated Fe5HO8(100) surface of ferrihydrite. Reproduced with permission from ref. 294. Copyright 2021 CC BY-NC-ND 4.0. (d) Platinum group
metal-based M-NC SACs. Reproduced with permission from ref. 295. Copyright 2023 Wiley-VCH. (e) Comparison between MoOx-Cu-Cys SAC and
MoOx. Reproduced with permission from ref. 296. Copyright 2023 American Chemical Society.
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(E - H).285 These two processes are both thermodynamically
and kinetically favourable. In comparison with the Ov-free CeO2,
the reaction energy for H2O2 oxidation on Ov-containing CeO2 is
less negative. Therefore, a more reduced CeO2 nanosurface has
a lower ability to oxidise H2O2, consistent with the experimental
observation that a larger Ce3+/Ce4+ ratio leads to a lower
catalase-like activity of nanoceria.297 However, further investiga-
tion is warranted since the reaction following the HOMO-
medicated mechanism may become dominant when the nano-
ceria surface is sufficiently reductive. Such a phenomenon has
been observed in ferrihydrite with catalase-like activity.294 As
shown in Fig. 22c, the H atom of the surface hydroxyl facilitates
the O–O bond cleavage of the first H2O2* (HOMO-mediated
mechanism), producing HO*, H2O*, and an H-vacancy (B - C).
The resulting OH* and H-vacancy can readily capture H atoms
of the second H2O2 to generate O2* and H2O* (D - E).294

Single-atom catalysts. The HOMO-mediated mechanism was
proposed for platinum group metal-based M-NC single-atom
catalysts (SACs) with catalase-like activity. As shown in Fig. 22d,
the adsorbed H2O2 molecule undergoes the homolytic cleavage
into two HO* (B - C), which recombine into O* and H2O* (C -

D).295 The RDS for Pd-N4 is the step of B - C, while the step of
C - D is the RDS for Rh-N4, Ru-N4, and Pt-N4. For Ir-N4, all of
these steps can occur with small energy barriers. Therefore, the
homolytic cleavage of H2O2 and the HO recombination are two
crucial steps in determining the overall catalase-like activities of
platinum group M-NC SACs. The calculated energy barriers of the
RDS follow the order of Ir-N4 o Ru-N4 o Rh-N4 o Pt-N4 o Pd-N4,
suggesting their decreasing catalase-like activities, as validated in
the experiment.295 A similar mechanism was proposed to elucidate
the difference in catalase-like activity among Co-based SACs with
different coordination configurations.298 In addition to the
carbonaceous-supported SACs, the catalytic mechanisms for metal
oxide-supported SACs with catalase-like activity have also been
reported. For example, the HOMO-mediated mechanism was
employed to explain the difference in the catalase-like activity of
the SAC MoOx–Cu–Cys and MoOx (Fig. 22e).296

Summary. The mechanisms underlying catalase-like nano-
catalysis can be broadly outlined as follows:

(1) The first H2O2 is decomposed into OH* or O*, which
subsequently react with the second H2O2 to generate O2 and
H2O. This mechanism has been found in the case of MoOx–Cu–
Cys and platinum group metal-based M-NC SACs.

(2) The first H2O2 is decomposed into O2 and 2H*, followed
by the reaction of the second H2O2 with 2H* to generate 2H2O.
CeO2(111) is a representative catalase-like nanocatalysis show-
ing this mechanism.

(3) The pre-adsorbed OH group on nanosurfaces plays an
important role in the catalase-like activities of NMs, as evi-
denced on Au(111). These mechanisms can rationalize well the
catalytic activities for NMs mimicking catalase.

5.2.5. Mechanisms for nanodrugs catalysing organopho-
sphate hydrolysis. A growing number of theoretical studies have
been conducted to explore the mechanisms of organophosphate

hydrolysis by nanocatalysts, including noble metals, metal oxides,
metal organic frameworks (MOFs), and polyoxometalates (POMs).
Organophosphate substrates, such as nerve agents (sarin and
soman) and their simulants (dimethyl p-nitrophenolphosphate
(DMNP), dimethyl methylphosphonate (DMMP), and dimethyl
chlorophosphite (DMCP)), as well as the chromogenic substrate
p-nitrophenyl phosphate (p-NPP), have been considered in these
calculations.

Metal- and metal oxide-catalysed organophosphate hydrolysis
(a) Sarin hydrolysis. The mechanism for sarin hydrolysis

on ZnO299 was investigated using the hydroxylated ZnO(10%10)
surface as the model system.300 Fig. 23a shows the elementary
steps in the proposed mechanism: (i) sarin adsorption on the
surface through hydrogen bonding interactions between the
phosphoryl oxygen and two surface hydroxyl groups, (ii) iso-
merisation of the sarin-adsorbed complex, (iii) the subsequent
hydrolysis of the P–F bond, resulting in the formation of
isopropyl methyl phosphonic acid (IMPA) on a Zn atom, (iv)
the migration of the fluorine atom between neighbouring Zn
atoms, and (v) finally the desorption of IMPA and hydrogen
fluoride (HF) from surface. The calculated energy profiles show
that the energy barrier for the decomposition of sarin is
moderate (A - F, 0.94 eV), but the energy required for the
final product desorption is considerably high (F - A, 2.88 eV).
Thus, it is likely that ZnO could be employed to effectively
hydrolyse sarin at room temperature under humid conditions.
However, the products would remain on the surface, thereby
hindering the recycling of the catalyst.

Similar mechanisms were found for sarin hydrolysis on two
copper oxides (CuO and Cu2O) under the humid conditions.301

For the wet CuO(111), the reaction process is similar to that on
the hydroxylated ZnO(10%10) surface (Fig. 23b), with an overall
energy barrier of 1.13 eV. Unlike the sarin degradation on wet
CuO(111) initiated by the nucleophilic attack of surface hydro-
xyl group, the hydrolysis of sarin on wet Cu2O(111) surface
arises from the nucleophilic attack of a surface water molecule
(Fig. 23c). The total energy barriers for sarin hydrolysis on these
two surfaces are not large, with the values of 1.14 eV for wet
CuO(111) and 0.80 eV for wet Cu2O(111), suggesting that both
copper oxides may be promising for the hydrolytic decontami-
nation of sarin.301

(b) DMNP hydrolysis. The hydrolysis of DMNP on noble
metal Au and metal oxide ZrO2 followed a mechanism includ-
ing the following steps: (i) DMNP and H2O adsorption on the
surface, (ii) H2O decomposition, (iii) OH attack to the P centre
of DMNP, (iv) P–OPhNO2 s-bond cleavage, and (v) regeneration
of the catalyst (Fig. 24a).251 The calculated overall energy barrier
is moderate for m-ZrO2(%111) (0.78 eV) but extremely high for fcc-
Au(111) (1.95 eV). This is consistent well with the experimental
observation that zirconia exhibited superior activity in catalys-
ing the hydrolysis of organophosphates, whereas gold did
not.248,302 For fcc-Au(111), the step i is exothermic, the step iii
can proceed with a small energy barrier, the step iv is nearly
barrierless, and the step v is thermodynamically favourable.
Nevertheless, the step ii for this NM is highly endothermic and
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has to overcome a very high energy barrier of 1.89 eV. This
indicates that the H2O decomposition is the key elementary step
that leads to the poor activity of gold. For m-ZrO2(%111), the OH
attack on the P centre of DMNP is the key elementary step that
determines the overall catalytic activity of this nanomaterial.

(c) DMMP hydrolysis. The mechanism for the hydrolysis of
DMMP on metal oxides is similar to that of sarin. As shown in
Fig. 24b, the surface hydroxyl serves as a nucleophile to attack
on the P atom of DMMP, resulting in the formation of a 5-fold
coordinated phosphorus atom (B - C). Subsequently, the
P–OCH3 bond is cleaved and the methanol is formed via an
intermolecular hydrogen transfer from the surface water mole-
cule to the OCH3 group. In this reaction, the step of B - C is the
RDS with an energy barrier of 1.04 eV, suggesting that the
hydroxylated ZnO surface exhibits a good catalytic activity
towards the hydrolysis of DMMP.300 A similar mechanism was
also found for the hydrolysis of DMMP on mesoporous CeO2.
The energy barrier for the degradation of DMMP into methanol
on the hydroxylated CeO2(110) surface is 1.15 eV, higher than
that on the pristine CeO2 surface. Therefore, the degradation of
DMMP on the hydroxylated CeO2 surface may occur at higher
temperatures or proceed after being dehydroxylated.304

(d) p-NPP hydrolysis. A surface-assisted hydrolysis mecha-
nism was proposed for CeO2(111)-catalysed p-NPP hydrolysis in
the gas phase.303 As shown in Fig. 24c, this mechanism involves
p-NPP adsorption on the surface via P–Olatt bonding inter-
action, P–O ester bond scission, the formation and desorption
of p-nitrophenol (p-NP), the hydration of the remaining phos-
phate group (HPO3), and finally the desorption of phosphoric
acid (H3PO4). In this catalytic reaction, the P–O ester bond
scission (B - C) is facile due to the weakening of the P–O ester
bond by the pentavalent P centre of the adsorbed p-NPP. The
rate-limiting steps are the hydration of HPO3 (E - G) and the
desorption of H3PO4 (G - A), with an overall energy barrier of
approximately 1.1 eV. Given that the barrier obtained in gas
phase would be expected to be reduced by the solvation effect,
it is possible that the high catalytic activity of nanoceria for p-
NPP hydrolysis can be experimentally observed in aqueous
solutions.305

MOF-catalysed organophosphate hydrolysis
(a) Sarin hydrolysis. The hydrolysis of sarin on MOFs

usually occurs with a water molecule acting as the nucleophile.
This reaction mainly includes three stages: (i) the displacement
of water molecule for the binding of sarin to an open Lewis

Fig. 23 Mechanisms and energy profiles (in eV) for metal oxide-catalysed organophosphate (sarin) hydrolysis. (a) Hydroxylated ZnO(10%10). Reproduced
with permission from ref. 299. Copyright 2019 American Chemical Society. (b) Wet CuO(111). (c) Wet Cu2O(111). Reproduced with permission from ref.
301. Copyright 2021 American Chemical Society.
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acidic metal site, such as ZrIV, (ii) the nucleophilic attack of
water at the phosphorus centre of sarin, and (iii) the HF
elimination by P–F bond scission.306 For example, a general
base catalytic mechanism was proposed for the hydrolytic
degradation of sarin on defective UiO-66 under ambient
conditions.307 As shown in Fig. 25a, sarin coordinates to the
undercoordinated Zr atom of MOF and H2O is weakly bound to
the MOF. The weakly bound water molecule undergoes dis-
sociation to protonate the Zr-OH group of the MOF, and the
nascent hydroxide adds concertedly to sarin. The –F substituent
is located in an equatorial position of the resulting pentacoor-
dinated intermediate C, which has to undergo Berry pseudor-
otation directing –F to an axial site for the subsequent HF
elimination. The moderate energy barrier of this hydrolytic
process (A - F, 0.76 eV) suggests that sarin could be readily

decomposed on the defective UiO-66 via hydrolysis under
ambient conditions. However, the large binding energy of IMPA
with MOF (2.12 eV) makes the product inhibition inevitable
without thermal treatment.

Mechanistic studies were also conducted on the hydrolytic
degradation of sarin on Zr-based MOFs (MOF-808 and NU-
1000). The energy barrier for MOF-808 is lower than those for
NU-1000 and UiO-66-10 (Fig. 25b), in agreement with the
experimental observation that MOF-808 was the fastest catalyst
for sarin hydrolysis in buffered aqueous solutions.311 It was
also predicted that the reactivity of one double-node Zr12-bi-
defective MOF for sarin hydrolysis would be greater than that of
the above single-node Zr6 MOFs.308

As discussed above, the catalytic hydrolysis of sarin by Zr-
based MOFs in the gas phase may be inhibited by product

Fig. 24 Mechanisms and energy profiles (in eV) for metal- and metal oxide-catalysed organophosphate (DMNP, DMMP, and p-NPP) hydrolysis.
(a) Comparison between m-ZrO2(%111) and fcc-Au(111) for DMNP hydrolysis. Reproduced with permission from ref. 251. Copyright 2023 American
Chemical Society. (b) Hydroxylated ZnO(10%10) for DMMP hydrolysis. Reproduced with permission from ref. 300. Copyright 2019 American Chemical
Society. (c) CeO2(111) for p-NPP hydrolysis. Reproduced with permission from ref. 303. Copyright 2018 Elsevier.
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inhibition. In addition, the inhibition resulting from the biden-
tate binding of IMPA could be more pronounced than that
resulting from the monodentate binding mode.307 A comprehen-
sive screening of single-atom transition metal catalysts deposited
on the nodes of MOFs such as NU-1000 (M-NU-1000 system) for
the catalytic hydrolysis of sarin has been conducted to enhance
the catalyst activity.309 In this catalytic reaction, the deposited M-
OH is the active centre and the proposed mechanism (Fig. 25c)
involves substrates (sarin and H2O) adsorption, nucleophilic
attack, Berry pseudorotation, HF elimination, and IMPA
desorption. Given the variability in the RDS among these catalysts
(Fig. 25d), the relative turnover frequencies (TOFs) were employed
to determine the efficiency of each catalyst. The CuIII-NU-1000
system was identified as the most promising candidate for the
catalytic hydrolysis of sarin, showing an estimated activity that is
over 1000 times greater than that of NU-1000.

(b) Soman hydrolysis. A systematic theoretical investigation
on the catalytic hydrolysis of soman was conducted on a series
of single-atom MOFs, M-MFU-4l-(OH) (M = Mn, Fe, Co, Ni, Cu,
and Zn).310 The proposed mechanism for the hydrolysis of
soman involves the following steps: (i) the adsorption of soman
on the M site of MOF and that of H2O interacting with M-bound
hydroxyl group, (ii) water-triggering nucleophilic attack to form
the pentacoordinated phosphorus intermediate, (iii) the elim-
ination of HF by combining the leaving F and the hydrogen of
P-OH group, and (iv) the desorption of the formed product
pinacolyl methylphosphoric acid. The energy profiles indicate
that the steps ii and iv are two crucial steps for this catalytic
reaction; step ii is the rate-limiting step for Fe-MFU-4l-(OH) and
step iv is the rate-limiting step for other M-MFU-4l-(OH). Based
on these two crucial steps, the related linear relationships and
the volcano curve have been established (Fig. 25e), which show
that the rate-limiting energy barrier for Fe-MFU-4l-(OH) is the
closest to the optimal volcano peak. Thus, the Fe-MFU-4l-(OH)
should be the most promising candidate for the hydrolytic
detoxification of soman among those MOF catalysts.

(c) DMNP hydrolysis. The mechanism for the hydrolysis of
DMNP on Zr-based NU-1000 was investigated in both alkaline
buffer solutions and the gas phase.256,312 For solution hydrolysis
(Fig. 26), the OH� anion was used as the nucleophile. The
reaction proceeds as follows: (i) the DMNP is adsorbed on the
open coordination Zr site, (ii) the OH� anion from the solution
attacks on the phosphorous atom, giving rise to the simultaneous
departure of the p-nitrophenoxide from DMNP, and (iii) the
formed dimethyl ester of phosphoric acid (DMPA) is desorbed
from MOF and the catalyst is regenerated. The calculated energy
barrier (0.45 eV) for this catalytic reaction is consistent with the
remarkable catalytic activity of NU-1000 observed in alkaline
buffer solutions.313 This hydrolysis mechanism in solution was
employed to understand the activity order of UiO-66-NH2 4 UiO-
66-H 4 UiO-66-NO2 in the catalytic hydrolysis of DMNP.314

Similar mechanisms were found for the hydrolysis of DMNP on
two Ti-based MOFs (Ti-MFU-4l and NU-1012-NDC) in basic aqu-
eous solutions.315 The overall reaction processes are comparable,
yet the nucleophile differs. In Ti- MFU-4l, the Ti(OH)3 centre is

the catalytic site that can provide the HO group as the nucleo-
phile. In contrast, in NU-1012-NDC, the Ti(IV)-OH-Ti(IV) centre is
the active site, where the HO group is difficult to leave and attack
on the P atom of DMNP. Therefore, the OH� anion is the
nucleophile in the reaction. The calculated energy profiles sug-
gest that the hydrolysis of DMNP is considerably more facile on
Ti-MFU-4l than on NU-1012-NDC, in agreement with their overall
catalytic rates for DMNP hydrolysis.315

In the gas phase, the H2O molecule acts as the nucleophile
in the hydrolysis process of DMNP by NU-1000. As shown in
Fig. 26, the reaction proceeds via five key elementary steps. First,
DMNP is adsorbed onto MOF. Next, The H2O molecule is
introduced to attack on the phosphorus atom, with one hydrogen
atom transferring to the nearby Zr-bound hydroxyl group and the
remaining OH group attacking on the phosphorus centre to form
a penta-coordinated phosphorus intermediate. This intermediate
undergoes a Berry pseudorotation to place the p-nitrophenoxide
group in the axial position. Subsequently, the product p-
nitrophenol is formed and departs, resulting from the cleavage
of the P–OPhNO2 bond and the binding of OPhNO2 and H in the
P-OH group. Finally, the catalyst is recovered by the desorption of
product DMPA. In contrast to the low energy barrier for DMNP
hydrolysis in solution, the calculated energy barrier for the
hydrolysis in gas phase is significantly high (1.72 eV). The
desorption of the product (G0 - B) is the RDS, indicating that
the efficiency of the catalyst would be significantly hindered by
strong product inhibition in the gas phase.312 To reduce the
product inhibition, a series of NU-1000-supported bimetallic
metal–oxo systems were computationally screened. The
Al2O2(OH)2@NU-1000 was identified as the most promising
candidate, exhibiting the lowest product desorption energy. This
suggests a promising strategy to enhance the performance of
MOFs for the catalytic hydrolysis of DMNP in the gas phase.312

POM-catalysed organophosphate hydrolysis. A general base-
catalysed mechanism was proposed for the hydrolysis of DMMP
on Cs8[Nb6O19]�xH2O polyoxoniobate (CsPONb).316 In this
mechanism, the adsorption of H2O and DMMP on CsPONb occur
first followed by a concerned water dissociation and nucleophilic
addition. The dissociation of the water molecule leads to the
protonation of the polyniobate oxygen and the generation of a
hydroxide, which further attacks on the phosphorus atom of
DMMP, leading to the formation of a pentacoordinated phos-
phorus intermediate. Subsequently, this intermediate undergoes
a facile dissociation to produce CH3OH and methyl methylpho-
sphonic acid (MMPA). The calculated energy profile suggests that
DMMP can be readily decomposed on CsPONb with an energy
barrier of 0.47 eV for the rate-limiting step. However, the catalyst
reactivation is unlikely under ambient conditions because of the
large desorption energy of MMPA (2.56 eV), as confirmed by
in situ synchrotron-based spectroscopic measurements.316

The general base-catalysed mechanism also holds for the
hydrolysis of DMCP on a single-site zirconium polytungstate
(Zr-POM monomer).317 After the adsorption of DMCP to the
undercoordinated Zr(IV) Lewis acid site of Zr-POM monomer,
the reaction is initiated by the nucleophilic addition of a Zr
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Fig. 25 Mechanisms and energy profiles (in eV) for MOF-catalysed organophosphate (sarin and soman) hydrolysis. (a) Defective UiO-66 for sarin
hydrolysis. Reproduced with permission from ref. 307. Copyright 2016 American Chemical Society. (b) Comparison among different Zr-MOFs for sarin
hydrolysis. Reproduced with permission from ref. 306 and 308. Copyright 2018 American Chemical Society. (c) and (d) Comparison among different M-
NU-1000 systems for sarin hydrolysis. Reproduced with permission from ref. 309. Copyright 2020 American Chemical Society. (e) Linear relationship of
DGdef with DGnuc and volcano curve of DGrat as a function of DGnuc for M-MFU-4l-(OH) catalysed soman hydrolysis. Reproduced with permission from
ref. 310. Copyright 2022 American Chemical Society.
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hydroxo ligand to the bound DMCP. This addition process
occurred through a small energy barrier of 0.46 eV, leading to
the formation of a shallow pentacoordinated phosphorus inter-
mediate. Subsequently, the reaction proceeds through chloride
elimination with a proton of the aqua ligand of Zr to form the
HCl and DMPA bound to Zr-POM. Finally, the catalytic cycle is
completed by HCl desorption, DMPA desorption, and the
binding of an ambient water molecule.

Summary. Based on above theoretical studies, it can be
concluded the nucleophilic attack on the phosphorus atom of
organophosphates is an important step in the hydrolytic clea-
vage of phosphoesters and other P-containing s-bonds. The
nucleophiles can be a H2O molecule, a HO group on the surface
or an OH� anion in the buffer solution, as outlined below:

(1) The water molecule acts as a nucleophile, which has been
found in the hydrolysis of sarin on Cu2O, UiO-66, MOF-808, NU-
1000, and M-NU-1000 systems; soman on M-MFU-4l-(OH);
DMNP on NU-1000; and DMMP on CsPONb. In these cases,
the water molecule undergoes dissociation, resulting in the
protonation of the M-OH groups on nanosurfaces. Subse-
quently, the nascent hydroxide adds concertedly to the phos-
phorus atom of the organophosphate.

(2) The surface hydroxyl group acts as a nucleophile, which
can be formed by the decomposition of H2O* into H* and OH*
or comes from the nanomaterial itself. Examples of the former
include the hydrolysis of sarin on ZnO and CuO; DMNP on Au
and ZrO2; and DMMP on ZnO and CeO2. The latter case has
been observed in the hydrolysis of DMNP on Ti-MFU-4l and
DMCP on Zr-POM.

(3) The OH� anion in the alkaline buffer solution acts as a
nucleophile, as evidenced by the hydrolysis of DMNP hydrolysis
on NU-1000, UiO-66-X, and NU-1012-NDC.

In addition to the nucleophilic attack, the decomposition of
a H2O molecule to generate a surface hydroxyl group was also
an important step in organophosphate hydrolysis, as eluci-
dated by the hydrolysis of DMNP on Au and ZrO2. Furthermore,
the final product desorption is also a significant factor to
consider, particularly in the gas phase. Overall, the mechan-
isms reviewed herein provide a comprehensive rationale for the
NM-catalysed hydrolysis of organophosphates.

5.2.6. Mechanisms for nanodrugs catalysing other bio-
chemical reactions

Nitric oxide generation. A mechanism for the generation of
NO from GSNO in the presence of GSH, in which a Cu-BTTri
metal–organic framework functions as the catalyst, has been
proposed. As shown in Fig. 27a, the first GSNO molecule is
adsorbed to the Cu site of Cu(II)-GSH (B), followed by the S–N
bond cleavage to produce NO�. Subsequently, a copper-mediated
GSH-GS� reductive elimination reaction occurs, resulting in the
formation of a Cu(I) intermediate E and GSSGH+. Upon the
introduction of the second GSNO, a Cu(I) to Cu(II) oxidation-
assisted S–N homolysis occurs to produce the second NO�. While
only the thermodynamic reaction processes have been investi-
gated, the initial S–N cleavage step (C - D) could be considered
as the rate-limiting step for this catalytic reaction.318

Lactate dehydrogenation. A possible mechanism for SnSe
mimicking lactate dehydrogenase was proposed (Fig. 27b),
which involves the adsorption of lactate on the SnSe surface,

Fig. 26 Mechanisms and energy profiles (in eV) for NU-1000-catalysed organophosphate (DMNP) hydrolysis in solution and gas phase. Reproduced
with permission from ref. 256 and 312. Copyright 2018, 2020 American Chemical Society.

Review Article Chem Soc Rev

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

6 
A

ug
us

t 2
02

4.
 D

ow
nl

oa
de

d 
on

 4
/3

/2
02

6 
6:

04
:4

5 
A

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d3cs00575e


This journal is © The Royal Society of Chemistry 2024 Chem. Soc. Rev., 2024, 53, 9059–9132 |  9103

the transfer of two hydrogens from the adsorbed lactate (polar
hydroxyl H and a-H) to two surface Se atoms to release pyruvate, and
the transfer of two chemisorbed H atoms to NAD+ (nicotinamide
adenine dinucleotide), resulting in the formation of NADH. Despite
the uphill energy profile calculated in a vacuum, it has been
suggested that these processes could be feasible in real reaction
conditions, given that the energy increase is not significant.243

5.3. Activity prediction models

5.3.1. Activity prediction models for nanomaterials
mimicking peroxidase. As shown in Fig. 28a, the eg occupancy
could be an effective activity descriptor for perovskite oxides
mimicking peroxidase. This is evidenced by the observation of
a volcano relationship between catalytic activity and eg, with the
highest activity occurring at an eg occupancy of approximately
1.2.319 This eg descriptor is also applicable to spinel oxides
mimicking peroxidase, with the highest activity occurring at an
eg occupancy of B0.6.320 These models have suggested that
LaNiO3�d with an eg of 1.22 and LiCo2O4 with an eg of 0.62 have
the highest peroxidase-like activities among a series of perovs-
kite- and spinel-oxides, respectively. Both of these predictions
have been validated by experiments or DFT calculations.

A more general and simple energy-based descriptor was
proposed based on the DFT-calculated peroxidase-like mechan-
isms of iron oxides (Fig. 19d).260 By analysing the key factors
that dominate the thermodynamics and kinetics of the
peroxidase-like nanocatalysis, it was found that Eb,1, Er,3, and
Eb,3 are all linearly dependent on Er,1; Er,1 (Er,3) and Eb,1 (Eb,3)
represent the reaction energy and barrier of the RDS step i (step
iii), respectively. In addition, the Er,1 exhibits an approximately
linear relationship with the adsorption energy of OH on the

nanosurface (Eads,OH), which is a more straightforward parameter
to calculate than Er,1. Thus, the Eads,OH could be a simple and
effective activity descriptor for NMs mimicking peroxidase, and a
volcano relationship between catalytic activity has been observed
(Fig. 28b). The activity criterion corresponding to Eb,RDS o 1.5 eV
is �3.5 eV o Eads,OH o �1.6 eV, with a maximum activity when
Eads,OH = �2.6 eV. This activity prediction model is applicable not
only to iron oxides but also to other NMs that mimic peroxidase
via a similar mechanism. For example, the peroxidase-like activ-
ities of various nanomaterials predicted using this model agree
well with the available experimental results (Fig. 28c).

5.3.2. Activity prediction models for nanomaterials mimick-
ing oxidase. The d-band centre (ed) has been proposed as a
potential descriptor for the relative activities of metals mimicking
oxidase. A higher ed level is indicative of a better oxidase-like
activity.273 In addition, the Hammett sm may also serve as an
effective descriptor for the relative activities of metal organic
frameworks mimicking oxidase. It was shown that increasing the
sm value with an electron-withdrawing ligand can enhance the
oxidase-like activity of MIL-53(Fe).280 Consequently, the MIL-
53(Fe)-NO2 with the most electron-withdrawing NO2 substituent
exhibited the highest oxidase-like activity among a series of MIL-
53(Fe)-X (X = NH2, CH3, H, OH, F, Cl, Br, and NO2).

5.3.3. Activity prediction models for nanomaterials
mimicking SOD. Two principles have been proposed to predict
the SOD-like activity of NMs, namely, the energy level principle
and the adsorption energy principle.286 The energy level princi-
ple (Fig. 28d) suggests that NMs should possess at least one
FMO with an energy level between j1 and j2, where j1 and j2

represent the reduction potentials of O2/O2
�� (�0.16 V) and

O2
��, H+/H2O2 (0.94 V), respectively. Such an FMO is named as

Fig. 27 Mechanisms and energy profiles (in eV) for nanomaterial-catalysed other biochemical reactions. (a) Cu-BTTri MOF-catalysed NO generation
from GSNO. Reproduced with permission from ref. 318. Copyright 2023 American Chemical Society. (b) SnSe-catalysed lactate dehydrogenation.
Reproduced with permission from ref. 243. Copyright 2020 Wiley-VCH.

Chem Soc Rev Review Article

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

6 
A

ug
us

t 2
02

4.
 D

ow
nl

oa
de

d 
on

 4
/3

/2
02

6 
6:

04
:4

5 
A

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d3cs00575e


9104 |  Chem. Soc. Rev., 2024, 53, 9059–9132 This journal is © The Royal Society of Chemistry 2024

the intermediate frontier molecular orbital (iFMO). This princi-
ple ensures that the half reactions are both thermodynamically
favourable for NM-catalysed superoxide disproportionation.
Actually, most of the NMs with the SOD-like activity observed
in experiments have FMOs located within the desired energy
window (Fig. 28e). In addition, this principle provides a sys-
tematic perspective on the catalytic mechanisms for NMs
mimicking SOD, suggesting that NMs with an occupied FMO
as iFMO (such as NiO) would follow a HOMO-mediated mecha-
nism, whereas NMs with an unoccupied FMO as iFMO (such as
MoS2�x) would follow a LUMO-mediated mechanism. This
iFMO-dependent manner was verified by a detailed mechanism
investigation (Fig. 21c and d). The adsorption energy principle
suggests that the adsorption energy of some key intermediates
in the reaction process should be in the range of Eads,OH 4
�2.7 eV and Eads,H 4 �3.4 eV. This principle can be used to
quantitatively describe the competition between the target
catalytic reaction and undesired side reactions, ensuring that
the ratio for the main reaction is larger than 50%. Both of these
two principles are critical criteria in the screening of NMs with
the SOD-like activity (Fig. 28f).

5.3.4. Activity prediction models for nanomaterials mimick-
ing catalase. An adsorption energy-based activity prediction
model has been proposed to predict the catalytic activity of
NMs mimicking catalase based on the HOMO- and LUMO-type
catalytic mechanisms.26 In this model, the Eads,OH and Eads,H are
the activity descriptor for HOMO- and LUMO-type catalase-like
catalysis, respectively, because the Gibbs free energy changes for
the reactions can be approximately described as linear functions
of Eads,OH and Eads,H, respectively. The corresponding energy
windows are �2.83 eV o Eads,OH o �1.47 eV for the HOMO-
type and �4.38 eV o Eads,H o �3.01 eV for LUMO-type catalase-
like catalysis, respectively. The validity of this adsorption energy-
based activity prediction model is supported by the observation
that the vast majority of experimentally reported NMs exhibiting
catalase-like activities are located within the blue or pink regions,
which represent the activity criterion of HOMO- or LUMO-type
catalase-like catalysis, respectively (Fig. 28g).

5.3.5. Activity prediction models for nanodrugs catalysing
organophosphate hydrolysis. As mentioned above, H2O decom-
position and OH attack are the two key elementary steps that
determine the overall catalytic activities of gold and zirconia,
respectively, in the catalytic hydrolysis of organophosphates
such as DMNP (Fig. 29a).251 The analysis of these two key
elementary steps for a series of metals and metal oxides
indicated that the energy barriers of both steps can be approxi-
mated by the linear functions of coadsorption energy of OH and
H, Eads,OH-H, suggesting Eads,OH-H to be the effective activity
descriptor. Based on the Eads,OH-H, the corresponding activity
prediction models, named coadsorption energy models have
been developed. For metals, the activity criterion is �7.65 eV o
Eads,OH-H o �6.05 eV, with a maximum activity at Eads,OH-H =
�6.68 eV. For metal oxides, the activity criterion is �6.99 eV o
Eads,OH-H o �5.21 eV, with a maximum activity at Eads,OH-H =
�6.31 eV (Fig. 29a). This model is capable of not only elucidat-
ing the catalytic activities of previously reported metal and metal

oxides, but also identifying promising candidate, such as Ru
(Fig. 29b), for the catalytic hydrolysis of phosphoester bonds.

In addition to the adsorption energy-based activity predic-
tion model, a linker orbital energy model was proposed to
understand and predict the remote substituent effects on the
catalytic activities of MOFs, such as UiO-66-X for DMNP
hydrolysis.314 As shown in Fig. 29c–e, the Gb,RDS (free energy
barriers of the rate-determining steps) exhibits a negative
correlation with the LUMO energies of the catalysts, ECat,LUMO.
Moreover, the ECat,LUMO shows a strong linear relationship with
the EL,LUMO (frontier orbital energies of the linkers), which
originates from the remote p-d conjugation between the linker
substituent and nodal metal. Therefore, the remote electronic
effects of substituents on the catalytic activity of metal nodes of
MOFs can be quantitatively described by eqn (2),

ln
rMOF-X

rMOF-H

� �
¼ mDQCatEL;LUMO þ n (2)

where rMOF-X and rMOF-H represent the catalytic reaction rates of
substituted and unsubstituted MOFs, respectively. The DQCat

represents the charge variation of the catalyst. This model is
applicable to MOFs with varying linkers and substituents.

5.3.6. Activity prediction models for nanodrugs catalysing
other biochemical reactions. To the best of our knowledge, the
activity prediction models for NM-catalysed NO generation
have not been reported. For NM-catalysed lactate dehydrogena-
tion, it has been suggested that NMs showing a prominent
lactate dehydrogenase (LDH)-like catalytic efficiency should
have an appropriate hydrogen affinity (Eads,H), neither too
strong nor too weak. This was evidenced by the experimentally
determined LDH-like activities of a series of nanomaterials and
their calculated Eads,H.243 However, the quantitative prediction
models are still absent, likely due to the lack of investigation
into the corresponding reaction mechanisms.

5.4. Summary

In summary, nanomaterials can catalyse the transformation of
biological substances like ROS for disease prevention and
therapy. The development of an activity prediction model for
a specific biochemical reaction catalysed by nanomaterials is a
crucial step in enabling the sufficient screening and discovery
of catalysis-based nanodrugs. These models can be either
experiment- or computation-driven, as outlined above. From a
computational perspective, deriving such models necessitates a
profound understanding of the underlying mechanisms by DFT
calculations and the identification of the critical elementary
steps that govern the overall catalytic activity. The energy
change and barrier associated with these elementary steps
should exhibit a linear dependence on a physical parameter
that can be readily calculated, typically the adsorption energy of
an intermediate in the reaction process. For example, the
hydroxyl adsorption energy (Eads,OH) can correlate well with
the reaction barriers for both H2O2 activation and subsequent
TMB oxidation, which represent the key elementary steps in
evaluating the activity of peroxidase-like nanocatalysts. Specifi-
cally, the physical parameter usually reversely influences the
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Fig. 28 Activity prediction models for nanodrugs regulating ROS. (a) Peroxidase-like activities of perovskite oxides plotted as a function of eg

occupancy. Reproduced with permission from ref. 319. Copyright 2019 CC BY 4.0. (b) Peroxidase-like activities of iron oxides plotted as a function of
Eads,OH. (c) Overview of peroxidase-like activities of nanomaterials using the prediction model. Reproduced with permission from ref. 260. Copyright
2020 American Chemical Society. (d) and (e) Energy level principle for nanomaterials mimicking SOD and the calculated electronic density of states with
the energies of FMOs marked. (f) Adsorption energy principle for nanomaterials mimicking SOD, which shows the contour plot of the partition function X1

as a function of Eads,OH and Eads,H. Reproduced with permission from ref. 286. Copyright 2021 CC BY 4.0. (g) Eads,OH- and Eads,H-based prediction model
for nanomaterials mimicking catalase. Reproduced with permission from ref. 26. Copyright 2023 Wiley-VCH.
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energy barriers of key elementary steps. As a result, an optimal
value can be assessed to achieve the maximum catalytic activity
of nanomaterials. In accordance with this principle, high-
throughput DFT calculations of the aforementioned physical
parameter can be conducted to identify appreciate nanomater-
ials with the desired catalysis-based medical functions. The
activity prediction models have been derived for the prediction
of the catalytic activity of nanomaterials for the regulation of
ROS and organophosphate hydrolysis. Given the diverse bio-
chemical reactions that can act as the therapeutic target, the
identification of targeted reactions and the establishment of
activity prediction models represent a promising avenue for the
future discovery of catalysis-based nanodrugs.

6. Chemical conversion-based
nanodrugs

Another important property of nanomaterials is their ability to
undergo chemical conversion, which enables their applications
as chemical conversion-based nanodrugs. The chemical con-
versions discussed here represent the structural changes of
nanomaterials in response to the environment and/or external
stimuli, including assembly and aggregation, deformation, ion
release, disassembly and degradation. For example, metal ions
released from metal or metal oxide nanoparticles could be toxic
and thus are promising for antibacterial applications.321

Deformation, or disassembly or degradation of nanomaterials
can result in the release of encapsulated drug molecules322 or a
reduction in their toxic effects.323 In this respect, the ability of
nanomaterials to undergo chemical conversion will signifi-
cantly affect their therapeutic and toxic effects.

6.1. Assembly and aggregation

The aggregation and self-assembly of nanoparticles (NPs) in
aqueous solution or upon contact with lipid membranes may
influence their therapeutic performance, including cellular
uptake and cytotoxicity. To maintain the pre-designed thera-
peutic functionality of nanodrugs, the aggregation of nano-
particles should be avoided or reversible in response to
biological stimuli. Both experimental and theoretical efforts
have been extensively devoted to investigating the aggregation
or self-assembly behaviour of nanoparticles. Size, charge, mor-
phology, and surface chemistry have been found to play virtual
roles in determining the aggregation and self-assembly beha-
viour of nanoparticles, which can be driven by various mole-
cular forces, such as electrostatic interactions, hydrophobic
interactions, van der Waals forces, dipole interactions and
steric effects.324,325

6.1.1. Nanoparticle aggregation in water. In general, small
inorganic nanoparticles tend to form aggregates in solution
due to their high surface energy. Therefore, surface functiona-
lisation is often necessary to stabilise inorganic nanoparticles.

Fig. 29 Activity prediction models for nanodrugs catalysing organophosphate hydrolysis. (a) Piecewise function of overall energy barrier (Eb) with
coadsorption energy Eads,OH-H for metal catalysed DMNP hydrolysis. (b) Prediction of the catalytic activities for metal nanomaterials. Reproduced with
permission from ref. 251. Copyright 2023 American Chemical Society. (c)–(e) Linear relationship of Gb,RDS with Ecat,LUMO and that of Ecat,LUMO with EL,LUMO

for UiO-66-X catalysed DMNP hydrolysis. The remote p-d conjugation between the linker substituent and nodal metal of MOF is also presented.
Reproduced with permission from ref. 314. Copyright 2023 CC BY 4.0.
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To achieve the controllable nanoparticle aggregation, it is
important to well tune ligand properties, such as their type,
charge, and surface coverage, to balance the interactions
between nanoparticles. For example, even if all AuNPs carry
the same charge, they can still form aggregates.326 To under-
stand this phenomenon, a theoretical study was conducted
considering model systems of AuNPs (3 nm) coated with thiols
of various charges (neutral, cationic, or anionic) and surface
coverage. Computational results showed that the neutral thiol-
coated AuNPs tended to form aggregates (Fig. 30a) at all
coverage densities (20%–100%).327 In contrast, for charged

thiol-coated AuNPs, aggregates can be formed at low surface
coverage densities (o60%), whereas the AuNPs remained dis-
persed in the solution at a coverage of over 80%. This behaviour
can be attributed to the delicate competition between van der
Waals interaction and electrostatic repulsion among charged
nanoparticles.

AuNPs functionalised with other ligands showed similar
charge-dependent aggregation behaviour. The aggregation of
monolayer-protected AuNPs, containing ligands of positively
charged N,N,N-trimethyl(11-mercaptoundecyl)ammonium ion
(TMA) and 11-mercaptoundecanoic acid (MUA) (pKa = 5.08), is

Fig. 30 Simulations of nanoparticle aggregation in water. (a) Thiol-modified Au nanoparticles with different charges and aggregate morphologies of Au
NPs at the end of simulations for neutral (N), cationic (C) and anionic (A) thiol coated Au NPs with 20%, 40%, 60%, 80% and 100% surface coverage.
Reproduced with permission from ref. 327. Copyright 2018 the Owner Societies. (b) Computational model of N,N,N-trimethyl(11-
mercaptoundecyl)ammonium ion (TMA) and 11-mercaptoundecanoic acid (MUA) ligand-modified AuNPs. (c) The equilibrated morphologies of 27
AuNPs at pH 2.0, 5.3 and 8.0. (d) Energy profiles of potential of mean force (PMF) between two AuNPs at pH 2.0, 5.3 and 8.0. (e) The energy barrier (DE1)
of aggregation of two AuNPs varied with pH value. (f) The energy barrier (DE2) of dissociation of two AuNPs varied with pH value. Reproduced with
permission from ref. 323. Copyright 2019 the Royal Society of Chemistry.
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sensitive to pH, which affects the charge states of AuNPs.323

CGMD simulations indicated that the AuNPs had an almost
neutral surface and severely aggregated when the pH of the
solution is close to 5.3 (Fig. 30b and c). However, AuNPs were
found to be stably dispersed in solutions with both low and high
pH values, resulting positively and negatively charged AuNPs,
respectively. The free energy analysis revealed two energy-
consuming processes in the aggregation of AuNPs (Fig. 30d).
The first process (3.0 nm position) is driven by the hydrophobic
interaction between the alkyl chains, and the second process
(5.5 nm position) is driven by the electrostatic interaction
between differently charged ligands. The energy changes for
these processes depend on the charge states of AuNPs at
different pH (Fig. 30e and f), leading to their different aggrega-
tion behaviour. Steric effects can also affect the behaviour of
grafted nanoparticles,328 which can self-assemble into various
structures, including rings, strings, dimers, coil-like aggregates,
and disordered-to-ordered aggregates, depending on the graft
length, density, and charge. With such knowledge on nanopar-
ticle aggregation, various methods have been proposed to con-
trol the morphology of nanoparticle aggregates.329–331

DNA-based assemblies of AuNPs have received significant
attention due to their ability to establish supramolecular
assemblies, which have great potential for applications in
disease diagnosis and theranostics. It was found that the length
and rigidity of the grafted DNA play a crucial role in self-
assembly of functionalised AuNPs.332 When shorter DNA was
grafted onto AuNPs, disordered aggregates were formed,
whereas longer DNA resulted in crystalline aggregates.332 In
addition to the sequence of DNA, some external stimuli, such as
pH, temperature and metal ions, also affect the self-assembly
process. CGMD simulations were conducted to investigate how
DNA–peptide interactions can be used to modulate the self-
assembly and stimulus-response behaviour of AuNPs grafted
with single stranded DNA (ssDNA) and poly-L-lysine (PLL)
chains.333 The results showed that the self-assembly of AuNPs
is driven by electrostatics between grafting chains with positive
(PLL) and negative (ssDNA) charges. The morphology of the
aggregates depends on the size of AuNPs and the charge of
grafting chains, which can be well described by CGMD simula-
tions, despite that many molecular forces such as hydrogen
bonding and hydrophobic interactions have been neglected
due to limitations of the CG model.334

6.1.2. Nanoparticle aggregation in biological media. The
aggregation behaviour of nanoparticles in biological media is
more complex than that in water. In addition to physiochemical
properties of nanoparticles and functional ligands, composi-
tions of biological media can also affect nanoparticle aggrega-
tion. An investigation on the aggregation behavior of ultrasmall
(1.4, 2.0 and 2.5 nm) glutathione-coated AuNPs (AuGSH) in
biological media indicated that the size of nanoparticles and
components of biological media jointly affect the aggregation of
AuGSH.150 Nanoparticles with core diameter of 2–3 nm tended
to form aggregates whereas those with smaller size (o1.4 nm)
remained the colloidal stability in cell culture mediums. In
addition, the aggregation of AuGSH (2.0 nm) rapidly occurred

in pure cell culture medium, but was suppressed upon the
addition of serum protein (fetal bovine serum, FBS). However,
the presence of both FBS and PBS in the medium promoted
nanoparticle aggregation. Thus, serum protein and small mole-
cular/salts (likely Ca2+ and Mg2+) contributed to the destabilis-
ing and stabilizing forces for AuGSH aggregation, respectively.
MD simulations suggested that positively charged ions (Ca2+

and Mg2+) bridged NPs through negative charge (CO2
�) on their

surface, thus generating attractive forces. Large sized NPs have a
large surface area with a higher concentration of surface positive
and negative ions, resulting in stronger NP–NP interactions,
which is one of the reasons for the size-dependent aggregation
behaviour. The ion-bridge can also drive nanoparticle aggrega-
tion on cell membranes.333 The unbiased MD simulations
demonstrated that a short-range (1.1 nm) ion bridges can be
formed between anionic ligands on the surface of two AuNPs and
counterions, resulting the formation of NP–NP dimers, with the
distance between two Au cores of about 7 nm. When the NPs
interact with the membrane via hydrophobic contacts in the fully-
or semi-snorkeled configuration, membrane-mediated aggrega-
tion forces come into play. Due to the interaction between
nanoparticle and membranes, nanoparticle aggregation in the
membrane also shows a size dependent behaviour. Amphiphilic
AuNPs with a diameter of 2 nm formed transient dimers when
embedded in the neuron plasma membrane, causing minimal
perturbation of the bilayer structure. However, embedding 4 nm
AuNPs resulted in the spontaneous formation of a stable dimer
and protrusion from the bilayer was observed.335

The impact of aggregation on the cellular uptake of nano-
particles was investigated using model systems of AuNPs
aggregates consisting of five 2 nm spherical AuNPs.198 In the pull
simulations of NPs passing through the membrane, the aggre-
gated AuNPs showed a higher free energy barrier (709.07� 3.12 kJ
mol�1) compared to a single 4 nm nanoparticle (264.05 � 4.59 kJ
mol�1). Therefore, the aggregation of AuNPs is disadvantageous
for their cellular uptake, which may also alter the cellular uptake
mechanism from direct translocation to semi-endocytosis due to
the increased size. It is important to note that the aggregation of
NPs could also lead to cytotoxicity in cells. Carbon NPs, such as C60

and C28, can aggregate in water and cell membrane.336 C28 has a
higher tendency to accumulate in the cell membrane than C60,
which can reduce the thickness of the cell membrane and damage
its structure, leading to stronger cytotoxicity than C60. To avoid
these potential disadvantages, it is recommended to prevent
nanoparticle aggregation, especially in biological media. This
necessitates the optimisation of nanoparticle properties that affect
the aggregation behaviour introduced above.

6.2. Deformation and disassembly

Deformation and disassembly of nanomaterials usually refer to
structural changes in their shape, morphology, and phase.
These structural transformations are crucial for nanodrugs,
especially when they can occur in response to external stimuli,
such as pH, temperature, redox, ion concentration, and ligand–
receptor interaction. Stimuli-responsive nanodrugs (also known
as smart nanodrugs) can alter their structures to release drug
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molecules and/or expose their active sites in targeted patholo-
gical conditions, which is beneficial for reducing the side effects
and improving therapeutic efficacy. Representative smart nano-
drugs include polypeptides, polymers and inorganic nanoma-
terials, etc.337–341

Polypeptides are typically composed of self-assembly motifs,
fibrous motifs and targeting motifs. Fibronectin (Fn) is often
selected as a receptor protein targeted by polypeptides due to its
high expression level in the tumour extracellular matrix. A large
number of studies have shown that the formation of nanofiber
structures through ligand–receptor interactions is not only con-
ducive to drug accumulation and release, but also has the
potential to inhibit tumour metastasis.342 Polypeptides and drugs
form non-covalent complex nanoparticles through electrostatic,
hydrophobic and hydrogen bonding interactions. Due to the
specific ligand–receptor binding, the polypeptide nanoparticles
are converted into nanofibers, enabling the release of carried
drugs. Three Fn-targeted drug delivery systems were designed
using polypeptides possessing different motifs.343 The ligand–
receptor interactions, structural changes, and release processes
of the drug delivery systems were investigated through MD

simulations and experiments (Fig. 31). In the absence of Fn,
the peptides aggregated into clusters with the self-assembly motif
as the core, due to the strong hydrophobicity of the self-assembly
motif and the fibrous motif, as well as the electrostatic repulsion
of the targeting motif at the end (Fig. 31a). When the peptide
came into contact with Fn, the binding between the terminal
targeting motif and Fn due to ligand–receptor interactions,
caused the NPs to break down, resulting in the self-assembly
motif and fibrous motif flattening into a nanofiber structure to
release adsorbed doxorubicin molecules (Fig. 31b–d). However,
when the hydrophobicity of the fibrous motif was weak, the
corresponding NP could not be transformed into a nanofiber
structure. Therefore, a strong hydrophobicity of the fibrous motif
is necessary to realise the transformation of the NP into a
nanofiber. A core–shell nanocomposites was fabricated with a
photo-responsive carbonized dots as the core and a pH and
thermally responsive poly(N-isopropylacrylamide) as the shell,
serving as carriers of doxorubicin.340 The doxorubicin release
from the core–shell nanocomposites was found to be
temperature-dependent. The carrier maintained a stable coil
structure above a lower critical solution temperature (LCST),

Fig. 31 Simulations of nanoparticle deformation and disassembly. (a) Detailed process of deformation from NPs to nanofibers and schematic of
interaction between polypeptides. (b) vdW and coulombic potential energies between polypeptides (P1 and P3) and doxorubicin (DOX). (c) Snapshots of
peptide-loaded DOX of P1 at 100 ns. (d) Snapshots of drug-release processes of P1 at 150 ns, Fn was not displayed. Reproduced with permission from ref.
343. Copyright 2022 Elsevier. (e) Snapshots of CPD6 under acid condition at 310 K taken at 0 ns, 50 ns and 150 ns. Reproduced with permission from ref.
340. Copyright 2022 Elsevier. (f) Section views of polymeric NPs with different pH value. Reproduced with permission from ref. 337. Copyright 2017
Elsevier.
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but transformed into a collapsed spherical structure below the
LCST, releasing doxorubicin. Acidic pH also facilitated the release
of doxorubicin. MD calculations showed that the transition from
a coil structure to a spheroid was promoted by strong inter-chain
attractions and electrostatic repulsions between protonated N
atoms of doxorubicin and O atoms of the polymer in an acidic
environment (Fig. 31e). The pH-responsive deformation or dis-
assembly of nanoparticles usually arises from the different pro-
tonation states of functional moieties, which alter inter-/intra-
particle interactions. For example, the poly (lactic-co-glycolic
acid)/hydroxypropylmethylcellulose phthalate (PLGA/HP55)
nanoparticle is pH-sensitive.337,344 The polymer can self-
assemble into a stable core–shell spherical structure with hydro-
phobic PLGA as the core and hydrophilic PVA as the shell. The
pH-sensitive HP55 is distributed between the core and the shell
with the therapeutic insulin loaded into the core. Below pH 5.5,
the HP55 remains hydrophobic due to the non-ionization of its
carboxyl group, maintaining the spherical core–shell structure.
PVA then encapsulates the outer surface of PLGA and HP55,
facilitating insulin loading (Fig. 31f). Above pH 5.5, the carboxyl
group of HP55 becomes ionized, changing its hydrophobic
nature to hydrophilic, allowing HP55 to move outward and
creating favourable conditions for insulin release.

Nanoparticles with redox-responsive structural moieties can
undergo deformation or disassembly. For example, a metallo-
hydrogel, formed by the self-assembly of Cu2+ and peptide,
showed redox-responsive properties. MD simulation showed
that Cu2+ formed an intermolecular bridging coordination
between two peptide molecules, endowing the metallohydrogel
with unique characteristics, such as redox-responsiveness, anti-
microbial activity, self-healing, and cytocompatibility. The
addition of Cu2+ also induced the formation of nanofiber
structures within the metallohydrogel. This material can serve
as a wet wound dressing to promote wound healing without the
need for debridement, thereby reducing the trauma and pain
typically associated with traditional gauze treatments.345,346

6.3. Ion release

The release of metal ions from nanoparticles has numerous appli-
cations, including killing bacteria,347–350 treating tumuors,351–354

and promoting bone growth.355 For example, AgNPs can kill S.
aureus, E. coli, fungi, and viruses by releasing Ag+ or producing ROS
under photocatalysis (Fig. 32a).348,349 Ag+ can penetrate bacteria
cells, bind to the –SH of proteins, and inactivate them. In addition,
electrons produced upon exposure to visible light can be captured
by O2 to form 1O2, which damages bacteria cell membranes. DFT
calculations were conducted to investigate the ion release capabil-
ities of AgNPs with different metal doping, which affects their
antibacterial and wound healing properties.349

The Au–Ag, Pt–Ag, and Pd–Ag alloys exhibited antibacterial
performances proportional to the upshift of the d-band centre.
The calculated d-band centre energy values are �4.12, �4.11,
�3.95, and �3.94 eV for Ag, Au–Ag, Pt–Ag, and Pd–Ag nano-
particles, respectively (Fig. 32b and c). Among these, Pd–Ag
nanoparticles showed the strongest O-bond energy, indicating
the highest electron-donating and Ag+ releasing ability.

Therefore, Pd–Ag nanoparticles exhibited the best antibacterial
and wound healing performance. These results demonstrate that
the d-band centre is a valuable descriptor in the design of Ag-
based alloys for antibacterial applications.

Ions released from nanoparticles can interact with intracel-
lular H2O2 to produce highly toxic �OH via Fenton and Fenton-
like reactions. For example, the Bi2S3–MnO2@BSA NPs was
prepared for synergistic chemodynamic and photothermal
therapy (CDT/PTT) of tumours.351 Upon entering tumour cells,
MnO2 decomposes rapidly to release Mn2+ under the high GSH
and H2O2 concentrations. Mn2+ further catalyses the decom-
position of H2O2 to produce �OH via Fenton-like reactions, a
process that is further enhanced by Bi2S3@BSA-induced local
hyperthermia for synergistic tumour therapy.353,354 The release
of Cu+ from NPs can similarly catalyse the production of �OH
for CDT. Likewise, the release of Zn2+ from metallo-
nanoassemblies can facilitate gene theranostics by supple-
menting DNAzyme cofactors, enhancing the catalytic efficacy of

Fig. 32 Simulations of ion release from nanoparticles. (a) Schematic
illustration of bacteria-killing through the photodynamic effects of Ag/
AgBr/MSNS under visible light and the innate antimicrobial ability of Ag+.
Reproduced with permission from ref. 348. Copyright 2018 the Royal
Society of Chemistry. (b) The oxygen-adsorbed slab structures of alloy Ag
NPs. (c) Energy (in eV) profiles of D-band centre and Ag–O bond formation
of pure and alloy Ag NPs. Reproduced with permission from ref. 349.
Copyright 2019 American Chemical Society.

Review Article Chem Soc Rev

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

6 
A

ug
us

t 2
02

4.
 D

ow
nl

oa
de

d 
on

 4
/3

/2
02

6 
6:

04
:4

5 
A

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d3cs00575e


This journal is © The Royal Society of Chemistry 2024 Chem. Soc. Rev., 2024, 53, 9059–9132 |  9111

DNAzymes.352 It is noteworthy that the ion release in these
cases occurs under acidic conditions, suggesting their potential
safety under physiological pH.

In addition to killing bacteria and/or tumour cells, released
ions can also cause the undesired death of normal cells, a
phenomenon known as cytotoxicity. The quantitative structure–
activity relationship (QSAR) has been used to predict the
cytotoxicity of NPs induced by metal ions released from
nanoparticles.321,356 The ion release ability of metal oxides
was evaluated using the enthalpy of formation (DHMe+) of a
gaseous cation with the same oxidation state as that in the
nanoparticle.321 This DHMe+ value was then used to predict the
cytotoxicity of metal oxides to E. coli according to eqn (3):

log(1/EC50) = 2.59 � 0.50�DHMe+ (F = 45.4, P = 0.0001)
(3)

where EC50 is the effective concentration of a compound that
results in a 50% reduction in cell viability. It is important to note
that while this model is adoptable to predict the cytotoxicity from
metal cations release, it omits other factors such as particle size
and disruption of membranes or cellular substances. Nanode-
scriptors were proposed to analyse the impact of doping on the
release of cancer-killing metal ions from metal oxides:357

D ¼ aþ b � Feðwt%Þ þ c � 1
R

(4)

where D represents the quantity related to the properties of the NP,
such as lattice energy descriptors, or the average coordination
number of all atoms descriptors; a, b and c are equation coeffi-
cients; Fe(wt%) is the doping level (weight%) and R is the radius of
the NPs in angstroms. Although a statistically significant linear
relationship was found between the experimental and computa-
tional data, it is important to note that the limited dataset may not
fully reflect numerous statistical correlations.

6.4. Degradation

When considering the medical applications of nanoparticles,
their biocompatibility and degradability are crucial to prevent
any potential side effects on the organism. Nanoparticles
typically degrade under chemical and/or biological stimuli,
which can generate reactive oxygen species.358,359 For example,
enzymes such as the peroxidase and lipase can catalyse the
conversion of H2O2 to �OH, facilitating nanoparticle degrada-
tion. Nanoparticles can also undergo self-promoted degrada-
tion due to their inherent peroxidase-like catalytic activity.
Theoretical and experimental studies have been conducted on
the degradation of nanoparticles.

Nanoparticles such as graphene, GQDs, CNTs, and CDs, can
be degraded into fragments or eventually into CO, CO2, and
H2O molecules when exposed to H2O2 and neutrophil-secreted
human myeloperoxidase (MPO) or eosinophil-secreted perox-
idase (EPO).360,361 The interaction between nanoparticles and
enzymes is a key step in degradation due to the high catalytic
activity of enzymes in generating �OH and the non-specific
cleavage ability of these radicals. The interactions between
these enzymes and GQDs were investigated through MD

simulations.362 Both peroxidases and GQDs undergo slight
conformational changes to enhance their interaction, ensuring
that the catalytic activity of peroxidases is maintained. In
addition, GQDs interact with charged and aromatic amino
acids through electrostatic, cation–p, and p–p stacking interac-
tions (Fig. 33a). The strong peroxidase–GQD interaction likely
accelerates the degradation of GQDs by locally generated �OH.
Similar mechanisms are anticipated for enzymatic degradation
of other carbon-based nanoparticles.

A biocompatible and degradable two-dimensional silicene
nanosheet (SNS) was synthesised for use in photo-triggered
therapeutics and diagnostic imaging. The degradation mecha-
nism of the SNS was studied using a combination of DFT and
MD methods.364 The main degradation process of SNS was the
adsorption and rearrangement reaction of O2 and H2O on the
SNS surface (Fig. 33b), leading to the formation of OOH*, OH*
and O*. These reactive species caused the cleavage of Si–Si
bonds and the formation of Si–O bonds. The degradation
behaviour under physiological conditions (pH 7.4) was found
to be temperature dependent. Specifically, the SNS transformed
from porous structures to nanoscale fragments as the tempera-
ture rose from 310 K to 333 K. At 363 K, the SNS was completely
degraded into amorphous structures (Fig. 33c). CuS nanocrys-
tals can degrade under acidic conditions (pH 6.0) or 808 nm
laser irradiation.363 To investigate the degradation mechanism
of CuS nanocrystals, DFT calculations were conducted to deter-
mine the band gaps, density of states, and the S and Cu vacancy
formation energies of the main surfaces of CuS nanocrystals
(Fig. 33d–f). The results indicated that the degradation of CuS
nanocrystals mainly occurred mainly at the (102) surface, which
has the smallest band gap, indicating superior electron transfer
capacity and high photothermal conversion efficiency. Further-
more, only the S-vacancy formation energy of the CuS (102)
facet was negative, suggesting a propensity for S atom release
and subsequent Cu+ release, driving the degradation process.

6.5. Summary

In conclusion, the capacity of nanomaterials for chemical
conversion is a pivotal factor in their application as nanodrugs,
enabling structural transformations in response to environ-
mental stimuli. These transformations include assembly,
aggregation, deformation, ion release, disassembly, and degra-
dation, which can be tailored for various medical interventions.
For example, the aggregation of nanoparticles such as AuNPs
can be controlled through surface functionalisation, which in
turns affects cellular uptake and cytotoxicity. The pH sensitivity
of AuNPs functionalised with ligands such as TMA and MUA
can affect their dispersion and aggregation. Furthermore, the
release of metal ions from nanoparticles has been shown to
have potential applications in antibacterial and antitumour
therapies. However, the possible cytotoxicity of these ions
necessitates a careful balance to prevent damage to healthy
cells. It is also crucial to consider the degradation of nano-
particles, which ensures the biocompatibility and minimises
the potential side effects. Carbon-based nanoparticles and
silicene nanosheets (SNSs) can be engineered to degrade under
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specific conditions, such as temperature and pH, thus facilitat-
ing their clearance from the body post-therapy. Theoretical
simulations and experimental studies are essential for optimis-
ing these properties, which will facilitate the development of
nanomaterials with promising therapeutic potential in medi-
cine. It is recommended that future research focuses on opti-
mising these properties for controlled drug delivery, enhancing
therapeutic outcomes, and ensuring the safe degradation of
nanomaterials within the biological environments.

7. Machine learning-assisted nanodrug
discovery

The most significant challenge in the field of nanodrug discovery
is the precise selection of the most appropriate nanomaterials for a
specific medical application. Given the massive number of avail-
able nanomaterials, which is continuing to increase, conventional
computer simulations and trial-and-error experiments are unable
to fully address this challenge. Machine learning techniques have
demonstrated great potential in nanodrug discovery, using data-
sets from the reported literature, high-throughput experiment or
computation (Fig. 34). For example, it can assist in the identifi-
cation of the composition and structure of protein coronas on
nanomaterials,25,365 as well as in the prediction of highly bioactive
catalytic nanomaterials,366–368 based on reported experimental
results where the underlying molecular mechanisms remain

unclear. With a sufficient understanding of the structure–activity
relationship of nanodrugs, machine learning can be employed to
accelerate the discovery of nanodrugs26,27,369,370 from publicly
available databases of nanomaterials.

7.1. Machine learning in surface adsorption-based nanodrugs

7.1.1. Adsorption of small molecule drugs. The binding
affinity of small molecule drugs to nanosurfaces can be well
evaluated by either DFT calculations or MD simulations, as
introduced in Section 3.1, which play important roles in under-
standing the mechanisms for nanodrug formulations. How-
ever, these computational methods are insufficient in finding
appropriate drug–nanoparticle combinations in terms of time
and cost. Integrating these computational methods with
machine learning approaches as well as experimentation has
been applied in accelerating nanodrug discovery to address
issues of drug loading and drug release in surface adsorption-
based nanodrugs.

It is well-known that drug loading significantly depends on
the binding energies between drug molecules and nanosur-
faces; the more negative binding energy, the higher drug
loading efficiency. A linear or exponential relationship between
reported drug loading efficiency and computed drug–nanopar-
ticle binding energy has been uncovered for solid lipid and
PLGA nanoparticles.371 These relationships enable applica-
tion of the artificial neural networks in the prediction of the

Fig. 33 Simulations of nanoparticle degradation. (a) MD simulations of EPO interacting with the GQDs (van der Waals representation). Reproduced with
permission from ref. 361. Copyright 2019 Wiley-VCH. (b) Oxidization and disintegration process of SNSS degradation. (c) Atomic structures of
photothermally accelerated biodegradation behaviour of SNSS in the aqueous environment (H2O and O2) at different temperatures. Reproduced with
permission from ref. 364. Copyright 2019 Wiley-VCH. (d) Atomic structure of different CuS surfaces. (e) and (f) Band gap and S vacancy formation energy
of CuS nanocrystals. Reproduced with permission from ref. 363. Copyright 2019 the Royal Society of Chemistry.
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drug–nanoparticle binding energy and hence drug loading, based
on molecular descriptors of drugs, including molecular weight,
x log P, topological polar surface area, and fragment complexity.
Because drug loading amount may also be influenced by the
surface area, machine learning methods have been applied to
predict the solvent accessible surface areas (SASA) of nano-
particles from short MD simulations. This integrated machine
learning and molecular simulation technique can significantly
reduce the computational expense for calculating SASA.372

The co-assembly of drugs and dyes (excipients) into solid
nanoparticles is a promising solution to the challenges of low
drug loading and solubility in nanodrug formations. An inte-
grated framework, consisting of molecular simulation,
machine learning, and high-throughput experimentation, was
established to identify optimal drug–excipient combinations
with desired properties.373 A random forest machine learning
model trained on the datasets consisting of the co-aggregation
patterns of 1440 possible drug–excipient combinations, suc-
cessfully captured the co-aggregation relationships and prior-
itize suitable excipients for new drugs. The predicted results
were further verified via experimental tests, showing that the

monodisperse, nano-sized co-aggregates of drugs and excipi-
ents can be formed. In contrast, drugs without excipients self-
aggregate into micrometre-sized, polydisperse structures.

Drug release is another issue to be considered in nanodrug
formulations. Long-acting injectables are promising to achieve
sustained or controlled release of adsorbed drugs on nanosur-
faces, which is essential for the treatment of chronic diseases.
Recently, machine learning methods were employed to accel-
erate the design of new polymeric LAIs, based on an experi-
mental dataset.374 Among the tested ML models, the light
gradient boosting machine (LGBM) showed the highest overall
prediction accuracy and small mean absolute errors. Time and
fractional drug release at 24 h (T = 1.0) are the most important
features influencing the fractional drug release predictions.
However, the drug release values at T = 1.0 are unknown prior
to the design of new LAI systems. Further analysis indicated
that the drug release values at T = 1.0 are closely associated with
the physiochemical properties of drugs, polymers, and LAIs. By
tuning these properties, two LAIs were fabricated with ‘‘fast’’
and ‘‘slow’’ drug release profiles, respectively, which were
subsequently verified in experiments. These results demon-
strate that integrating machine learning and high-throughput
experimentation/computation can accelerate the development
of safer and more efficacious nanodrug formulations in terms
of drug loading and sustained release.

7.1.2. Adsorption of proteins. Molecular simulations of
protein adsorption are usually time-consuming and thus diffi-
cult to predict the binding affinities of various proteins on
different nanosurfaces. Recently, machine learning methods
have been applied to investigate protein adsorption, in parti-
cular protein corona formation,375,376 on nanosurfaces based
on molecular simulation or experimental data. For instance, a
machine learning model based on the random forest regression
algorithm was trained to predict the amount of adsorbed serum
protein on polymer brush films (Fig. 35a).377 Taken the physi-
cochemical properties of polymers and structural characteristics
of monomers as descriptors, the trained RF model can predict
protein adsorption with high R2 (0.78) and low RMSE (0.09)
values (Fig. 35a). Specially, it can distinguish polymers with
protein-resistant or protein-adsorbing properties. The hydropho-
bicity of the monomer is the most critical descriptor, followed by
the number of C–H bonds and the net charge of monomers, as
well as the thickness and density of polymers. These parameters
have similar impacts on protein adsorption onto self-assembly
monolayers in an artificial neural network model.378

In order to address the biological effects of nanoparticles
due to the formation of protein corona, it is essential to identify
not only the amount but also the composition of proteins
adsorbed on nanosurfaces. The robust random forest (RF)
models was trained based on datasets constructed from pub-
lished papers, to predict the composition of protein corona,
taking the experimentally measured relative protein abundance
(RPA) on nanosurfaces as the endpoints.25 High prediction
performances for the grouped proteins with similar physico-
chemical or functional properties have been achieved. The
trained models also have high accuracy in predicting the RPA

Fig. 34 Schematic representation of machine learning (ML) techniques to
accelerate nanodrug discovery. Literature, high-throughput experimental
or computational datasets can be used to train ML models that link the
atomic and/or physicochemical properties of nanoparticles to their inter-
facial interactions with biological entities or therapeutic performance.
Drawn by figdraw (https://www.figdraw.com/#/).
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values of individual proteins, mostly with R2 values over 0.7 and
RMSE values below 5% (Fig. 35b). These high accuracies,
validated by subsequent experiments showing comparable
predicted and observed RPA values, are crucial for predicting
the composition of protein corona and designing nanodrugs
that adsorb specific proteins to enhance the targeting ability
and mediate biological recognition.

Despite these successes, the model can only make predic-
tions for proteins and nanoparticles within the datasets,

potentially limiting its broader applications. To this end, a
workflow was established which is able to experimentally
quantify the protein corona composition and train a random
forest classifier (RFC) based only on protein sequence to predict
protein adsorption on nanoparticles.365 The obtained RFC can
precisely target the small number of proteins adsorbed on
nanoparticles and identify the most important protein proper-
ties leading to nanoparticle binding. The developed RFC can
identify adsorbed proteins with 78% accuracy and 70%

Fig. 35 Performances of machine learning models for the prediction of protein corona adsorbed on nanosurfaces. (a) Predicted amounts of serum
protein on polymer brush films with the trained random forest algorithm against the experimental values. Reproduced with permission from ref. 377.
Copyright 2022 American Chemical Society. (b) Correlation coefficients (r2) and root mean square error (RMSE) and normalized index of the predicted
and observed relative protein abundance (RPA) for 71 individuals adsorbed on selected NPs (Fe3O4, Fe3O4-Cit, Au–COOH, and Au–NH2). Reproduced
with permission from 25. Copyright 2020 CC BY-NC-nd 4.0. (c) Random forest classifier trained on the full protein set or each individual biofluid (plasma
or CSF) and end-state-desorbed ssDNA compared to the RFC predicted in-corona probability for (GT)15-SWCNTs. Reproduced with permission from ref.
365. Copyright 2022 CCBY 4.0.
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precision (Fig. 35c). Because this workflow is generalisable to
other nanoparticles, it is promising to include more nano-
particles with different properties. It is anticipated that the
applications of this workflow will facilitate the development of
a more general classifier available to predict protein adsorption
on nanoparticles based on protein sequence and nanoparticle
features.

Machine learning has also been integrated with conven-
tional MD simulations to accelerate the simulation or analysis
of the complex behaviour of protein adsorption on nanosur-
faces. Discontinuous molecular dynamics (DMD) simulations
and graph clustering analyses were employed to investigate the
adsorption behaviour of lysozyme on a graphene surface.379 An
autoencoder-based graph clustering model was used to seg-
ment the protein adsorption process, successfully revealing the
structural evolution of lysozyme during adsorption. A similar
approach was employed to examine the adsorption of ubiquitin
on a graphene surface.380 The protein contact map feature
extractor was trained first through contrastive learning to
generate feature vectors, which can then be clustered using
the k-means algorithm to identify stages of protein structural
transitions during adsorption. This analysis reveals that hydro-
phobic interactions and p–p stacking play a pivotal role crucial
to the adsorption process of proteins.

Despite the aforementioned progress, it remains challen-
ging to fully characterise the interactions between proteins and
nanosurfaces. To address this, a machine learning-based com-
putational framework has recently been proposed for predict-
ing how proteins interact with nanoparticles.381 A set of
geometrical and graph-theoretical descriptors were developed
to characterise both proteins and nanoparticles. Based on a
database of protein complexes with various calculated descrip-
tors, machine learning models were trained to predict the
protein–protein and protein–nanoparticle interaction sites. In
particular, the trained models can reliably predict the relative
protein abundance in the protein corona around carbon nano-
materials. Although at an early stage, this work demonstrate
the power of machine learning in the prediction of protein–
nanosurface interactions without the need for significant com-
putational and/or experimental efforts, by considering the
three-dimensional geometry and topological features of pro-
teins and nanoparticles.

7.1.3. Adsorption of ligands. The functionality of ligand-
engineered nanoparticles depends predominately on the bind-
ing specificity and affinity between ligands and nanosurfaces.
Machine learning has recently been applied to accelerate the
discovery of specific ligand–nanoparticle combinations with
appropriate properties. For instance, peptides have been widely
employed in the functionalisation of nanoparticles. The bind-
ing affinity of peptides to nanoparticles significantly depends
on their sequences. A Bayesian Effective Search for Optimal
Sequences (BESOS) approach was developed to identify peptide
sequences that selectively bind to specific nanoparticles.382

This approach basically leverages three key types of informa-
tion, including experimentally determined adsorption free
energies of peptides on nanoparticles, simulated adsorption

free energies of 20 natural amino acids on nanoparticles, and
motif descriptors based on properties of amino acids such as
hydrophobicity, charge, size, and mass. Using BESOS, two
unknown peptide sequences were suggested that would selec-
tively bind to Au and Ag nanoparticles, respectively. The pre-
dictive power of these motif descriptors has been validated by
comparison with replica exchange with solute tempering mole-
cular dynamics simulations. The identification of effective
descriptors is crucial in this type of approach when the datasets
are limited.

Alternatively, machine learning can be employed to predict
nanoparticle–peptide binding when a large dataset is available.
The development in high-throughput experiments has facilitated
the establishment of a library of gold-binding peptides.383 Based
on this library, unsupervised learning methods, such as k-means
clustering and hierarchical clustering, were employed to group
peptides into two clusters, which showed distinct distributions of
binding intensity, isoelectric point, molecular weight, and
hydrophobicity.384 Notably, the isoelectric point and hydropho-
bicity of peptides play a pivotal role in regulating the peptide–
nanoparticle binding, whereas the molecular weight is less
influential. These results demonstrate that machine learning
can facilitate the rational selection and design of peptides for
engineering functional nanoparticles. However, it is noteworthy
that, these machine learning models are mainly developed for
clustering of nanoparticle-binding peptides. Further develop-
ments are required to predict the peptide–nanoparticle binding
both qualitatively (strong or weak) and quantitatively (the value of
binding affinity) using sequence-based descriptors.

7.2. Machine learning in supramolecular interaction-based
nanodrugs

Conventional molecular simulations of supramolecular
interaction-based nanodrugs have been mainly applied to inves-
tigate the underlying mechanisms. However, the precise design
of such nanodrugs, guided by mechanistic insights, remains a
significant challenge. Machine learning methods, mostly based
on experimental data, have thus been employed to predict the
efficacy of nanodrugs associated with supramolecular interac-
tions, such as cell–nanoparticle interactions. Appropriate cell–
nanoparticle interactions are essential to ensure the effective
cellular uptake and low cytotoxicity of nanodrugs. To this end, a
machine learning-based graph modelling and correlation-
establishing approach was proposed to quantify interactions
between cells and nanoparticles, according to variations in the
cell shape index (CSI) and nuclear area factors (NAFs) of cells
upon interaction with nanoparticles.385 Likewise, a random
forest regression model was trained to screen polymeric nano-
drugs for gene delivery, taking the transfection (cellular uptake)
and viability (cytotoxicity) as the endpoints.386

To identify the characteristic cellular uptake responses of
nanoparticles for individual cell types, an artificial neutral
network (ANN) model was trained based on a dataset consisting
of various functionalised carbon nanoparticles (CNPs) and
their cellular internalisation patterns in different cell lines
(normal and breast cancer).387 The model can precisely predict

Chem Soc Rev Review Article

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

6 
A

ug
us

t 2
02

4.
 D

ow
nl

oa
de

d 
on

 4
/3

/2
02

6 
6:

04
:4

5 
A

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d3cs00575e


9116 |  Chem. Soc. Rev., 2024, 53, 9059–9132 This journal is © The Royal Society of Chemistry 2024

the cellular internalisation of CNPs with a high Q2 value (0.9)
and a small mean-squared error (3.3284 � 10�4), enabling the
identification of the different internalisation characteristics of
CNPs within various targeted cells. Subsequently, an ANN
model was trained to distinguish between normal and cancer-
ous cells, as well as to identify the stages and underlying
subtypes of cancer cells, with an overall accuracy of 98.1%
(Fig. 36a). Similarly, machine learning models were trained for
various cell lines to predict the active cell recognition of
nanoparticles via ligand–receptor supramolecular interactions,
using a dataset consisting of gold nanoparticles functionalised
with organic ligands and folic acids.388 The models obtained
have an R2 value of over 0.7 and a standard error estimation of
less than 2 � 10�11 g Au cell�1. These machine learning models
show that the supramolecular cell–nanoparticle interactions
can be rationally tuned by simultaneously optimising the
physicochemical properties of nanoparticles to achieve efficient
passive and/or active cellular uptake of nanodrugs.

Machine learning methods have also been applied to predict
the supramolecular interaction-based antigen recognition. To

address the complex structure-activity relationship and design
rules for spherical nucleic acids (SNAs), high-throughput
experiments were conducted, resulting in datasets consisting
of approximately 1000 candidate SNAs with 11 design para-
meters and their performances in regulating the immune
response.390 Although all design parameters can influence the
immune activation, simply increasing or decreasing a specific
parameter does not necessarily result in enhanced perfor-
mance. Therefore, machine learning models were constructed,
with the XGBoost demonstrating the best performance, as
evidenced by the highest Q2 value of 0.83. Moreover, the
structure–activity relationships for a large number of com-
pounds (tens of thousands) can be predicted with a relatively
small dataset (order of thousands), thereby significantly accel-
erating the design process. However, the developed models
focus on one key biochemical step among many involved in
immune responses, which may hinder their ability to predict
the efficacy of immunotherapeutic agents. Alternatively, the
‘‘artificial immune cell’’ (‘‘AI-cell’’) has recently been developed
to predict the immunological responses of nucleic acid nano-
particles (NANPs).389 This has enabled the establishment of
NANPs structure–activity relationships and design principles
(Fig. 36b). The physicochemical properties of NANPs can be
simultaneously optimised, which is crucial for the development
of personalised immunotherapy.

7.3. Machine learning in catalysis-based nanodrugs

The efficacy of catalysis-based nanodrugs is significantly depen-
dent on their catalytic activities. These catalysis-based nano-
drugs hold great potential in various medical applications, such
as anti-cancer and antibacterial treatments. However, the dis-
covery of catalysis-based nanodrugs is still based on the trial-
and-error method. Thanks to the experimental and computa-
tional efforts in this field, machine learning has proven to be an
effective tool in accelerating the discovery and design of
catalysis-based nanodrugs, driven by either experimental data
or physical model.22,24

Experimental data-driven machine learning models have
been developed to describe the type and level of enzyme-
mimicking activity of nanomaterials. An easily expandable and
open-access database (https://dizyme.net) was constructed from
experimental data. The database contains over 300 existing
inorganic nanomaterials with enzyme-mimicking activities.367

Prior to building an ML model, 14 essential parameters were
identified through feature selection, which describe the ele-
mental composition, material physicochemical properties,
shape, size, as well as the synthesis and analysis conditions.
These parameters can be used to predict the catalytic activity.
The random forest regression (RFR) showed the best perfor-
mance among the tested ML models, exhibiting small mean
absolute sample deviations from the actual values of log Km and
log kcat. The predictive accuracy was experimentally confirmed
using test samples, such as uncoated Fe3O4 and ZnFe2O4 oxides,
as well as amorphous and crystalline bimetal FeCo nanomater-
ials. It should be noted that the current models are built on a
small dataset, necessitating an expansion to incorporate

Fig. 36 Machine learning models for the supramolecular interaction-
based nanodrugs. (a) Machine learning assisted diagnosis of breast cancer
with carbon nanoparticles-based sensor array. Reproduced with permis-
sion from ref. 387. Copyright 2020 American Chemical Society. (b) Work-
flow for the development of artificial immune cell. Reproduced with
permission from ref. 389. Copyright 2022 CC BY 4.0.
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additional descriptors and data points to improve the model
learning ability.366

A more comprehensive database was constructed via data
collection from over 300 papers, enabling the application of
fully-connected deep neural network (DNN) to uncover the
hidden relationship between nanomaterials features and their
enzyme-mimicking activity.368 Subsequently, 14 DNN-based
models were established to predict the type (classification
model) and the level of enzyme-mimicking activity (quantitative
model). The classification model has an accuracy of 90.6%
(Fig. 37a), demonstrating its feasibility to predict enzyme-
mimicking types of nanomaterials. The quantitative models
exhibit reliable prediction ability for POD- and OXD-mimicking
activity (R2 = 0.66 and 0.80, respectively) (Fig. 37a). Given their

high accuracy, the quantitative models for predicting POD- and
OXD-mimicking activity were employed to design enzyme-
mimicking nanomaterials. Specifically, the predicted trend
for POD-like activity of Ru, Rh, Pd and Ag nanomaterials and
that for OXD-like activity of MnO2, Fe3O4, Co(OH)2, and CuO
nanomaterials agree well with experimental observations.

Although these experimental data-driven machine learning
models can provide reasonably accurate predictions of enzyme-
mimicking activity, the limited quality, quantity, and diversity
of the dataset significantly hinder the prediction ability of ML
models.368 Furthermore, it should be noted that the present
models have been mainly developed for metal-containing
nanomaterials, making them less effective for non-metallic
nanomaterials such as carbon. This, in turn, necessitates the

Fig. 37 Machine learning models for the surface catalysis-based nanodrugs. (a) Experimental data-driven machine learning models for predictions of
nanozyme type and activity. Reproduced with permission from ref. 368. Copyright 2022 Wiley-VCH. (b) Physical model-driven machine learning models
for predictions of enzyme-like activity of nanomaterials. (c)–(e) Machine learning predicted nanomaterials with POD-like, OXD-like and SOD-like
activities. Reproduced with permission from ref. 26 copyright 2023 Wiley-VCH and from ref. 370 Copyright 2022 American Chemical Society.
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establishment of a standardised procedure for the character-
isation of the physicochemical properties of nanomaterials and
the catalytic kinetics associated with various forms of enzyme-
mimicking activity. However, this is only applicable to POD-
mimicking nanomaterials.391 Alternatively, the physical model-
driven machine learning models, which possess universal
descriptors, could be valuable supplements to these experi-
mental data-driven models.

In physical model-driven machine learning methods, the
prediction endpoints are not experimentally measurable kinetic
parameters, but computable physical descriptors of the enzyme-
mimicking activity, as introduced in Section 5.3. The datasets
employed to train machine learning models are usually obtained
through high-throughput DFT calculations utilising publicly
available materials libraries. Recently, machine learning models
have been developed for efficient in silico screening of 2D
materials for tumour catalytic therapy based on the computa-
tional two-dimensional materials database.26 The peroxidase-
and catalase-mimicking activities of nanomaterials were selected
as target catalytic properties, which can be described by adsorp-
tion energies of hydroxyl group and hydrogen atom (Eads,OH and
Eads,H) on nanosurfaces (Fig. 37b). The extreme gradient boosting
regression (XGBR) algorithm was trained on the datasets derived
from high-throughput DFT calculations to predict the Eads,OH and
Eads,H values. This method takes advantages of the interpretabil-
ity of the physical model and the efficiency of machine learning.
It has identified 195 and 411 nanomaterials, which display
peroxidase- and catalase-mimicking activities respectively, as
potential candidates for tumour catalytic therapy (Fig. 37c and
d). Similar machine learning models have been developed to
predict the peroxidase-mimicking of doped graphdiyne
nanomaterials.369 Such a physical model-driven machine learn-
ing method has recently been applied to assist the discovery of
nanodrugs for androgenetic alopecia. A random forest (RF)
model was trained using elementary and structural properties
as descriptors to predict the superoxide dismutase-mimicking
activity of transition-metal thiophosphates. The highly active
MnPS3 (Fig. 37c), which was predicted to have a high SOD-like
activity for scavenging O2

�� demonstrated effectiveness for the
treatment of androgenetic alopecia in mouse models.370

7.4. Machine learning in conversion-based nanodrugs

The chemical conversion of nanomaterials in real conditions is
a highly complex process to simulate, due to the computational
limitations and the lack of reliable force fields. Several machine
learning models have been applied to understand the structural
transformation of nanomaterials and their associated medical
applications. A hybrid model combining mechanistic model-
ling and machine learning methods was developed to predict
drug release from levonorgestrel-loaded biodegradable micro-
particles for injectable contraception.392 Likewise, an ensemble
ML model was trained to predict the dissolution behaviour of
oxide glasses. The model combining random forests and addi-
tive regression, which was trained on a comprehensive data-
base of approximately 1300 data records from original glass
dissolution experiments, showed the best performance. This

model can well predict the chemical degradation of bioactive
glasses across a wide pH range.393

Computational data-based machine learning potentials have
been trained to more efficiently understand the aggregation or
degradation of nanomaterials. A deep learning framework was
developed to predict the potential of mean force between
polymer-grafted nanoparticles, which is crucial for understand-
ing their self-assembly and distribution in polymer matrices.
CGMD simulations were employed to generate the training data
for a deep neural network. The resulting DNN can accurately
predict the interaction energies, thereby allowing for the simula-
tion of nanoparticle self-assembly into various structures. The
predicted self-assembled structures match well with the actual
structures formed by single-chain polymer-grafted spherical
nanoparticles.394 To study the degradation of MXenes in aqueous
conditions, a neural network potential (NNP) was developed. The
NNP-based MD simulations revealed that the degradation of
MXenes in aqueous systems was an energetically spontaneous
process, driven by reaction with water molecules. However, the
oxidation rate of MXenes decreased exponentially over time due
to the inhibitory effects of free protons and oxides formed during
the process.395 Such phenomena are difficult to capture by
conventional computational methods. It is anticipated that the
machine learning potentials can be applied to investigate the
complicated behaviours of nanodrugs in physiological condi-
tions, such as pH/redox-sensitive degradation.396,397

7.5. Machine learning in nanodrug pharmacokinetics

The pharmacokinetics of nanodrugs, namely the absorption,
distribution, metabolism, and excretion (ADME) of nanodrugs
within the body, is of great importance for achieving their
therapeutic efficacy. Although the interfacial interactions
between nanoparticles and biological entities can influence
the pharmacokinetics of nanodrugs, there is currently no
straightforward method for making reliable predictions due
to the inherent complexity of these interfacial interactions and
the variability of biomedical responses. Typically, the pharma-
cokinetics profile of a drug is obtained through laborious and
time-consuming analysis. With the accumulation of such
knowledge, machine learning techniques offer significant
potential for the rapid and precise prediction of the pharma-
cokinetic behaviours of nanodrugs within the body, taking into
account the biology and physiopathology details of each dis-
ease and/or patient.398

To predict the pharmacokinetics of dendrimers, a machine
learning-based web tool, dendPoint, was developed, based on a
manually constructed database from over 600 papers.399 Dend-
Point is capable of accurately predicting pharmacokinetics
parameters, including half-life, clearance, distribution volume,
and dose recovered in the liver and urine, through various
dendrimer characteristics, such as scaffold composition, size,
PEGylation, surface functionality, and drug conjugation. This
tool provides a valuable platform to guide dendrimer design for
nanodrug applications prior to in vivo testing. Furthermore,
machine learning can be integrated with the physiologically
based pharmacokinetic (PBPK) models to predict nanodrug
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behaviors within the body.400 For instance, a ML-assisted PBPK
model has been developed to predict tumour-targeted delivery
efficiency of various nanoparticles in solid tumours.401 Based on
a curated Nano-Tumour Database consisting of 288 pharmaco-
kinetic profiles of NPs in tumuors, machine learning algorithms
were trained to predict critical input parameters, including the
maximum uptake rate constant, release rate constant, Hill
coefficient and time reaching 50% maximum uptake rate, for
the PBPK model. The resulting ML-assisted PBPK model is
capable of rapidly evaluating the delivery efficiency and biodis-
tribution of nanoparticles based on their physicochemical prop-
erties, which correlate well with experimentally measured
pharmacokinetic profiles (R2 up 0.70 for 133 out of 288 data-
sets). In order to reduce the reliance on animal testing for
determining pharmacokinetic profiles of nanodrugs, the FORE-
CAST (Fluorescence Cell Assay and Simulation Technique) has
been developed. This technique integrates in vitro assays and
machine learning algorithms, enabling efficient and reliable
high-throughput screening to collect kinetic data of cell–nano-
particle interactions, thereby holding great potential to enhance
predictions of nanoparticle distribution.402

7.6. Machine learning in nanodrug formulation

In addition to focusing on the interfacial interactions that
determine the medical functions of nanodrugs, machine learn-
ing has also been widely applied to address problems in
nanodrug formulation, such as drug solubility and nanoparti-
cle formation. Similarly, both experiment- and computation-
driven machine learning models have been reported.

7.6.1. Drug solubility. Supercritical carbon dioxide (scCO2)
is a promising green technology for enhancing the bioavail-
ability of poorly water-soluble drugs. A number of machine
learning models have been employed to analyse the impact of
variables such as temperature and pressure on solubility.403,404

These models can accurately predict drug solubility, indicating
a strong fit to the data. Notably, the ET model has emerged as a
standout in several studies for its precision and ability to
generalize well, even with small datasets. More comprehensive
ML models have been developed to predict the solubility of
drug-like compounds in scCO2.405 The obtained ML models use
a variety of chemical descriptors, outperforming the DFT-based
approach in terms of prediction accuracy and speed. The
CatBoost model with alvaDesc descriptors406 demonstrates
the most accurate predictions for the solubility of 187 drugs,
with an average absolute relative deviation (AARD) of 1.8%.
However, when extrapolating predictions for new compounds,
the CatBoost model incorporating CDK descriptors407 and drug
melting points show satisfactory accuracy (AARD = 14.3%). The
success of these models suggests a promising future for the
application of ML in drug solubility prediction and the other
pharmaceutical development.

7.6.2. Particle size. As discussed in above sections, the
therapeutic efficacy of nanodrugs is significantly influenced
by the size of nanoparticles. Therefore, it is of crucial impor-
tance to control particle sizes and their distribution in nano-
drug formulations. Machine learning techniques enable the

prediction of particle sizes based on synthetic conditions,
which is promising to streamline the nanodrug formulation
process with the desired therapeutic efficacy. A multi-layered
graph convolutional network combined with a fully connected
neural network has been constructed to predict the sizes of
poly(methacrylates).408 The model was trained on a dataset of
3753 nanoparticle formulations based on polymer structure,
degree of polymerisation, and formulation parameters (solvent,
antisolvent, surfactant, as well as concentrations of polymer
and surfactant). High generalizability and accuracy in predict-
ing particle sizes can be achieved, even for polymers outside the
training set. Therefore, the time-consuming trial-and-error
efforts can be significantly reduced by machine learning, which
is also applicable to functionalised nanoparticles. For example,
an artificial neural network was employed to analyse the impact
of PEG chain length and chitosan/PEG ratio on the nanoparti-
cle size and zeta potential.409 By considering pH as a critical
parameter, the ANN model can not only predict nanoparticle
properties but also correlate these properties with cell–nano-
particle adhesion behaviour, providing insights into the design
of nanoparticles for targeted drug delivery.410,411

Microfluidic-based preparation methods exhibit high repro-
ducibility and the ability to scale up, making them promising
for the production of nanoparticles with uniform sizes. The
design of experiments (DoE) principles and machine learning
techniques were used together to optimise the microfluidic
production process of liposomes.412 By applying the DoE, key
factors influencing liposome size and size distribution were
identified, including cholesterol concentration, total flow rate,
and flow rate ratio. Subsequently, an ANN model was trained to
predict liposome size and its distribution, demonstrating high
accuracy with minimal deviation from experimental results.
The model’s accuracy in predicting these parameters indicates
the potential of machine learning to accelerate the develop-
ment and clinical translation of precision nanodrugs.

7.6.3. Stability. The stability of nanodrugs, both in vitro
and in vivo, is a critical factor that determines their success in
clinical applications. In vitro stability refers to the capacity of a
nanodrug to retain its structure and functionality under labora-
tory conditions. It is essential that the nanoformulation should
remain stable and free from degradation or aggregation
throughout the preparation and storage process. In vivo stabi-
lity refers to the behaviour of nanodrugs within the complex
biological environment of the body. A number of factors,
including enzymatic degradation, opsonization, and clearance
by the immune system, can influence the in vivo stability of
nanodrugs. It is therefore evident that the stability of nano-
drugs is of great importance not only for their formulation and
storage but also for their pharmacokinetics and biodistribu-
tion, as well as their therapeutic efficacy. However, it remains
challenging to computationally predict the stability of nano-
drugs, particularly for those based on polymers and bio-
molecules. In this regard, machine learning has shown great
potential for addressing the stability of nanodrugs. As intro-
duced above, machine learning can predict inter- and intra-
particle interactions and/or interfacial interactions between
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nanodrugs and biological entities, as well as the pharmacoki-
netics to assess their in vitro/vivo stability. A recent study has
also demonstrated the application of machine learning in
optimising the synthetic conditions of curcumin-loaded
liposomes.413 A library consisting of over 200 liposome config-
urations with diverse dispersity and stability is adopted to train
support-vector machine models with accuracies of 94% and
92%, respectively.

7.7. FAIR principles and data management

The application of machine learning techniques in nanodrug
discovery significantly depends on the quantity and quality of
structured databases employed. Most of the aforementioned
studies employed databases consisting of data reported by a
single or a limited number of groups for a range of purposes
including the development of different types of nanodrugs and
formulations. In addition, while the computational data for
various nanodrugs has been extensively reported, the corres-
ponding databases remain severely limited. These databases
can be highly valuable not only for gaining insight into the bio–
nano interfacial interactions but also for serving as endpoints
coupled with experimental data to optimise the therapeutic
efficacy of nanodrugs. The lack of such databases, likely due to
the absence of established guidelines on standard data sharing
and management, may hinder the advancement of digital
nanodrug discovery.

In order to enhance the reusability of scholarly data, a group
of stakeholders, including academia, industry, funding agen-
cies, and scholarly publisher, have designed and jointly
endorsed the FAIR principles for data sharing and manage-
ment, emphasising that data should be findable (F), accessible
(A), interoperable (I), and reusable (R).414 In these principles,
findability requires that the data consists of rich metadata. In
addition, both the data and the metadata are assigned with
unique and persistent identifiers, such as Digital Object Iden-
tifiers (DOIs), and are indexed in searchable resources. Acces-
sibility emphasises the importance of data/metadata to be
retrievable via standardised communication protocols, which
should be open, free, and universally implementable, or allow
for an authentication and authorization procedure. Interoper-
ability refers to the ability of data to be integrated with other
datasets, applications, and workflows for analysis, storage, and
processing with minimal effort. Finally, reusability necessitates
that data are sufficiently described, accompanied by clear usage
licenses and detailed provenance. The FAIR principles have
gained considerable attention across various scientific commu-
nities, including nanotechnology, as a means to address the
complexity of data management and to maximize the use of
data assets.

The implementation of FAIR principles in the construction
of nanodrug databases is crucial, but challenging. For instance,
there is currently no persistent identifiers for nanomaterials
and community standards for reporting data/metadata related
to the therapeutic efficacy of nanodrugs, the physicochemical
properties of nanomaterials, or their interfacial interactions
with biological entities. Therefore, researchers may only report

and contrast databases of data/metadata that align with their
specific research interests. The resulting databases are some-
times distributed across specific repositories and are not uni-
versally accessible to researchers. Despite these challenges,
progress has been made in the FAIR data management of
nanotechnology, such as the nanosafety data. A variety of tools
and/or protocols have been developed for data FAIRification
and management, including the establishment of data reposi-
tories with specialised or general-purpose, software and work-
flows, data management and standardisation tools, as well as
community engagement and collaboration.415–419

The eNanoMapper database is a representative example of a
repository that follows the FAIR principles, thereby facilitating
the effective reuse of nanosafety data.420 The database incorpo-
rates community-developed standards, including community-
specific ontologies and human- and machine-readable identi-
fiers. This facilitates the pathway towards optimised data reuse
and prevents the duplication of research efforts. A FAIRification
workflow was developed, whereby Excel spreadsheets can be
converted into a FAIR-compliant database, with the aid of the
NMDataParser tool.421 This demonstrates the importance of
the use of standardised templates for data entry. Likewise, the
NanoCommons Knowledge Base was established to promote
the implementation of FAIR data principles by sustained com-
munity cooperation, thereby ultimately supporting more effec-
tive risk assessment and governance of nanomaterials.422,423

While there are challenges for the implementation of FIAR
principles in nanodrug discovery, advances in other fields, such
as nanomaterials,420 proteomics,424 marine biology,425 and
additive manufacturing,417 demonstrate solutions to achieve
the goals of FAIR data management.

7.8. Summary

In summary, the application of machine learning techniques
has enabled the addressing of inherent challenges associated
with the discovery of nanodrugs. This is achieved by accelerat-
ing the identification of promising candidates and optimising
their formulation. By leveraging the databases constructed
from computations or experiments, machine learning models
have been trained with sufficient accuracy to evaluate the
interfacial interactions associated with surface adsorption,
supramolecular recognition, surface catalysis, chemical conver-
sion, which collectively determines the therapeutic efficacy,
toxicity, and pharmacokinetics of nanodrugs. Furthermore,
machine learning can be employed to direct the formulation
of nanodrugs in terms of stability, distribution, and quality
control, including the monitoring of particle size. By identify-
ing structural features at the atomic or particle level, it is
possible to guarantee the success of nanoformulations, thereby
reducing the time and cost associated with nanodrug discovery.
As the corpus of nanodrug data continues to grow, there is an
urgent need for a standardised methodology and collaborative
efforts to address the multifaceted nature of computational and
digital nanodrug discovery. The introduction of the FAIR prin-
ciples and data management offers a strategic framework that
fosters the open science and collaborative research, ensuring
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that the collective pursuit of nanodrug innovation is both
efficient and impactful.

8. Conclusions and prospects

Nanodrugs are continually attracting considerable interest from
a broad community due to their remarkable therapeutic efficacy
and safety compared to conventional therapeutics. The custo-
mizable nature of nanomaterials offers a wide range of oppor-
tunities for disease prevention and therapy, yet it also results in
significant challenges in precisely optimising the physicochem-
ical properties of nanomaterials to achieve optimal therapeutic
outcomes. This review delves into the theoretical understanding
of four key interfacial interactions, including surface adsorp-
tion, supramolecular recognition, surface catalysis, and
chemical conversion, that significantly influence the therapeu-
tic efficacy of nanodrugs. These interactions are crucial for
aspects such as drug loading, blood circulation time, cellular
uptake, selective recognition, targeted delivery, drug release,
and degradation. Understanding how these interfacial interac-
tions affect the therapeutic efficacy of nanodrugs is of invalu-
able for accelerating nanodrug discovery. For example, a
medium adsorption energy of the drug molecule is recom-
mended for surface adsorption-based drug delivery systems to
ensure sufficient drug loading and release. Similarly, a moder-
ate adsorption energy for key intermediates is necessary for
catalysis-based nanodrugs to maximize the catalytic therapeutic
efficacy. To regulate protein adsorption or supramolecular
recognition of nanodrugs, surface functionalisation is neces-
sary, for which the ligand type, charge, length, coating density
play important roles. These strategies can rationalize the exist-
ing experimental results or be integrated with further experi-
ments to discover more effective nanodrugs. In addition to the
conventional physics-based computational methods, such as
density functional theory calculations and molecular dynamics
simulations, this review also explores the potential of machine
learning in accelerating nanodrug discovery, with training data
from either experiments or conventional computations.

However, due to the complex physiological and pathological
conditions that vary across diseases and/or patient populations,
the development of one-size-fits-all nanodrugs is unrealistic.
Personalisation and precision are key goals in the further
development of nanodrugs. This necessitates the simultaneous
optimisation of all physicochemical properties (compositions,
structures, surface functionalities and responsiveness) of nano-
materials to achieve the maximum therapeutic efficacy while
minimising side effects. Despite the considerable computa-
tional advancements in nanodrugs, most of current studies
have focused on individual types of interfacial interactions
related to the medical functions of nanomaterials. This is
mainly due to the extensive design space of nanodrugs, which
is unable to be fully explored by physics-based computational
methods. Therefore, computer-aided nanodrug discovery is still
in its infancy compared to conventional drug development. The
incorporation of machine learning into nanodrug discovery

offers new opportunities, showing significant potential to more
efficiently explore the design space of nanodrugs by utilising
decades of published data and combining computational and
experimental techniques. The integrated ‘‘computation +
machine learning + experimentation’’ approach has a promis-
ing future for accelerating nanodrug discovery, despite several
critical challenges to be addressed.

(I) Identification code for specific nanomaterials

The therapeutic efficacy of nanomaterials is significantly
dependent on their properties (compositions, structures, sur-
face functionalities and responsiveness), which must be pre-
cisely regulated in the nanodrug discovery process. However,
these properties have been diversely described in the literature,
which poses a significant challenge to incorporating machine
learning techniques into the nanodrug discovery process.
Therefore, a standardised identification code that is able to
uniquely describe the features of nanomaterials becomes
essential. The desired code would not only ensure that all
relevant properties of nanomaterials are accounted for, but
also facilitate the precise and efficient data exchange and
extraction. Recently, the IUPAC International Chemical Identi-
fier (InChI) was extended for nanomaterials (NInChI),426 which
can represent the complex physicochemical properties of
diverse nanomaterials. Further attempts to develop such an
identification code are continuing, considering more mathe-
matical or computable descriptors.

(II) High-quality datasets for nanodrug discovery

The high-quality datasets are of great importance for the
advancement of machine learning-assisted nanodrug discov-
ery. However, acquiring these datasets is challenging due to the
complexity of nanomaterials and their interactions with biolo-
gical systems. Currently, only a few datasets, such as those on
nanotoxicity and enzyme-like nanocatalysts, are accessible. It is
indispensable to construct robust and comprehensive data-
bases that document a wide range of nanomaterials, including
their physicochemical properties and therapeutic effects. In
addition, these databases can incorporate computational end-
points of the interfacial interactions between nanomaterials
and biological entities, such as protein adsorption (binding
sites, structures, and strengths) and membrane penetration
dynamics. The development of an identification code for nano-
materials, high-throughput experiments and computations, as
well as data sharing within the scientific community, will
significantly promote the construction of datasets for nanodrug
discovery. These datasets should be of high-quality, accessible,
up-to-date and well-maintained, thereby significantly advan-
cing nanodrug discovery.

(III) In-depth understanding of interfacial interactions

Unlike conventional drugs, where the focus is primarily on the
binding affinity between molecules and their targets, nano-
drugs are influenced by a variety of complex interactions (sur-
face adsorption, supramolecular recognition, surface catalysis,
and chemical conversion) with biological systems. However,
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existing studies of these interfacial interactions to guide nano-
drug discovery have limitations. First, the qualitative guidelines
used in computational nanodrug design do not provide a clear
framework for how to effectively regulate these interactions. The
extent to which these interactions should be modulated to
achieve optimal therapeutic outcomes remains largely unknown.
In addition, most theoretical studies of interfacial interactions
have been conducted under conditions that do not accurately
reflect the in vivo environment. For example, in the case of
surface catalysis-based nanodrugs, current theoretical studies
have mostly been conducted in the absence of solvents, using
clean slabs as model systems. This does not capture the influence
of surface functionalisation or stimuli-responsive reconstruction
on the catalytic activity and associated therapeutic efficacy. These
phenomena have been observed in recent experimental
studies.396,427,428 Therefore, a more in-depth understanding of
these interfacial interactions, which bridge the physicochemical
properties of nanomaterials and their therapeutic efficacy, is of
crucial importance for the future design of precision nanodrugs
with optimal properties. Not only theoretical calculations, but
also advanced characterisation techniques, such as spectroscopy
and microscopy, are highly warranted. The data obtained can be
integrated into machine learning models, which in turn help to
uncover the quantitative relationships between nanomaterials
and their interfacial interactions with biological systems, as well
as factors associated with their therapeutic efficacy.

(IV) Genetic map of protein–nanomaterial interactions

Protein adsorption plays a vital role in the in vivo processing of
nanodrugs. The current knowledge of protein–nanomaterial
interactions (PNI) is still very limited, which may hinder the
efficiency of computer-aided nanodrug discovery. Therefore, it
is of great significance to map the interfacial interactions
between different types of nanoparticles and various proteins.
However, the complexity of the proteome and the diverse
nature of protein–nanomaterial interactions present significant
challenges to the genetic construction of the PNI map. To
address these challenges, ongoing efforts have been focused
on the development of high-throughput screening methods
and computational tools with the assistance of machine learn-
ing techniques. The constructed PNI genetic map may facilitate
the development of more efficient and targeted nanodrugs by
precisely controlling protein adsorption.429–431

(V) Machine learning-assisted computation of interfacial
interactions

The interfacial interactions between nanomaterials and biologi-
cal entities are too complex for traditional computational meth-
ods to describe efficiently. Machine learning has demonstrated
the potential to address these challenges and to more efficiently
characterise the interfacial interactions.432,433 For example,
machine learning algorithms can be trained to predict the
binding affinity for the adsorption of molecular species on
nanosurfaces based on a small subset of computational
data.26,434 Furthermore, the machine-learning potentials with
DFT accuracy allow for the efficient and reliable exploration of

a wider range of interaction scenarios without the need for
excessive computational resources.435 Machine learning can also
significantly accelerate computations of the interfacial interac-
tions that are essential for understanding the medical functions
of nanodrugs, such as protein–nanomaterial and membrane–
nanomaterial interactions. By accelerating these computations,
machine learning can facilitate a deeper exploration of the design
space for nanodrugs, enabling the rapid evaluation of numerous
candidate materials and their potential therapeutic effects.

(VI) Mechanism-incorporated machine learning models

Although machine learning models can be trained to predict the
therapeutic endpoints of nanomaterials based on their physio-
chemical properties,436,437 their accuracy may be limited with-
out an in-depth understanding of the interfacial interactions
between nanomaterials and biological entities. Incorporating
mechanistic knowledge into machine learning models may
potentially improve their predictive capability and interpretabil-
ity. However, the effective integration of complex mechanistic
information with experimental therapeutic data of nanomater-
ials remains largely unexplored. As mechanistic insights into
the medical functions of nanomaterials continue to expand, it
becomes feasible to develop the mechanism-incorporated
machine learning models for nanodrug discovery, which could
lead to more accurate predictions and provide insights into the
fundamental processes governing nanodrug behavior.

(VII) Comprehensive assessment platform for nanodrug efficacy

Developing a comprehensive assessment platform is of great
importance for the efficient computer-aided nanodrug discov-
ery. This platform is designed to thoroughly evaluate the
nanodrug efficacy, by simultaneously optimising the physico-
chemical properties of nanomaterials, which would regulate
their interactions with biological entities, ensuring the desired
drug loading, blood circulation time, cellular uptake, selective
recognition, targeted delivery, drug release, degradation, phar-
macokinetics, and low toxicity. The platform would integrate
various assays and analytical techniques to provide a compre-
hensive assessment of nanodrug candidates, integrating com-
putational, machine learning, and experimental approaches.
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Ziefuss, B. Gökce, J. T. Sehrt, A. Kwade, M. Schmidt and
S. Barcikowski, Materials, 2021, 14, 4892.

418 A. Ammar, S. Bonaretti, L. Winckers, J. Quik, M. Bakker,
D. Maier, I. Lynch, J. van Rijn and E. Willighagen, Nano-
materials, 2020, 10, 2068.

419 I. Furxhi, A. J. Koivisto, F. Murphy, S. Trabucco, B. Del
Secco and A. Arvanitis, Nanomaterials, 2021, 11, 1818.

420 N. Jeliazkova, M. D. Apostolova, C. Andreoli, F. Barone,
A. Barrick, C. Battistelli, C. Bossa, A. Botea-Petcu, A. Châtel,
I. De Angelis, M. Dusinska, N. El Yamani, D. Gheorghe,
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