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Engineering the Nano-Bio Interface: Challenges and Opportunities for 
Predicting the Surface Properties of Monolayer-Protected Nanoparticles

Carlos A Huang-Zhua and Reid C. Van Lehn*ab

The surface properties of biologically active nanoparticles (NPs) are often dictated by synthetic ligands that are grafted to 
the NP core to form a protecting monolayer. Ligand selection is thus critical in determining NP surface properties and 
corresponding interactions at the nano-bio interface, which are relevant to numerous applications including drug delivery 
and biosensing.  However, chemically specific structure-property relationships for rationally selecting ligands to achieve 
desired biointeractions are largely lacking. In this Focus Article, we review the challenges associated with relating ligand 
chemical properties to monolayer-protected NP surface properties due to the interplay of ligand-ligand, ligand-solvent, and 
ligand-biomolecule interactions that are difficult to anticipate. In particular, we highlight unexpected spatially varying 
properties that emerge even for uniformly functionalized NPs due to the fluctuations of ligands at the nanoscale. We further 
review the capability of physics-based molecular simulations to reveal these unexpected behaviors, providing powerful 
computational methods to predict NP properties. Finally, we discuss the opportunity for such simulations to be combined 
with machine-learning methods to guide the computational design of monolayer-protected NPs prior to synthesis.

Introduction 
Monolayer-protected nanoparticles (NPs) are versatile materials that 
have been utilized in diverse biologically relevant applications 
including drug delivery, biosensing, bioimaging, and photothermal 
therapy.1–8 These applications are facilitated by the modular nature 
of NP synthesis; NPs can be fabricated by choosing a core with a 
desired material composition, size, and shape, and then grafting 
organic ligands to the core at a high density such that they form a 
monolayer which dictates NP surface properties (Figure 1).9–13 
Numerous ligands have been synthesized and used to coat different 
core materials for diverse applications. As recent examples, silicon 
quantum dots have been coated with aromatic fluorophore ligands 
(phenanthrene, pyrene, and perylene) to enhance cancer cell 
bioimaging while retaining low cytotoxicity14, iron oxide NPs have 
been coated with block copolymers incorporating poly(ionic liquids) 
for drug delivery applications15, gold NPs have been functionalized 
with a combination of peptides to regulate gene transcription16, and 
silver NPs have been coated with simple surfactants like sodium 
dodecyl sulfate to facilitate penetration of bacterial membranes17,18.  
In all of these applications, ligand selection, and particularly the 
properties of solvent-exposed chemical groups, is thus critical to 
tuning intermolecular interactions at the nanoscale that drive 
behaviors such as aggregation19, protein binding20, and 
biomembrane adsorption21. For example, ligands with charged 
groups will impact electrostatic interactions, ligands with solvent-
exposed nonpolar surface area will influence hydrophobic 
interactions, and ligands with aromatic groups will promote π-π or 
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Figure 1: Schematic of design space for monolayer-protected 
nanomaterials. A wide variety of ligand structures can be grafted onto core 
materials of varying size, shape, and composition, which permits the tuning 
of NP surface properties and biointeractions.
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cation-π interactions. Multiple ligands, or ligands with multiple 
functional groups, can also be incorporated into a single monolayer.6 
This synthetic flexibility affords a large design space to modulate NP 
interactions with biosystems. 

Anticipating how ligand selection affects NP biointeractions prior 
to NP synthesis remains challenging, however, inhibiting the rational 
design of monolayer-protected NPs. While numerous studies have 
revealed structure-property relationships that relate biointeractions 
to substantial variations in NP surface properties (e.g., the difference 
between net positively or negatively charged NPs)10,11, it is much 
more difficult to predict the effect of less significant variations in 
ligand chemistry, such as variations in the length of alkyl groups in 
alkanethiol ligands. This challenge is exacerbated by the inability of 
experimentally accessible macroscopic properties to resolve subtle 
differences in ligand chemical properties that manifest as large 
changes in NP behavior.22–24 For example, varying the positioning of 
charged moieties in zwitterionic alkanethiol ligands was found to 
influence cellular uptake pathways of small gold NPs even though the 
NPs exhibited similar hydrodynamic radii and zeta-potentials.23 The 
difficulty in predicting the effect of ligand selection on 
biointeractions, coupled with the large set of feasible ligand designs 
that is synthetically accessible, significantly slows the development 
of biomedically relevant NPs by requiring substantial experimental 
trial-and-error. 

In this Focus Article, we discuss the effect of ligand selection on 
the physicochemical properties and interactions of NPs in biological 
environments, with a focus on small (<10 nm in diameter, a size 
commensurate with proteins, lipid membranes, and related 
biomolecules) alkanethiol monolayer-protected gold NPs as 
illustrated in Figure 1. While NP properties are often anticipated 
based on ligand chemical structures alone, surface properties at the 
nanoscale emerge from a complex interplay of ligand-ligand and 
ligand-solvent interactions, which themselves can vary both with 
ligand chemistry and physical factors such as NP core size.25–27 These 
behaviors can lead to spatially varying properties at the nanoscale, 
even for NPs with uniform ligand coatings. We further discuss how 
molecular-scale simulations permit analysis of the interactions and 
fluctuations that dictate the local chemical environment at the 
nanoscale and can provide insight into unexpected ligand effects. 
Finally, we end by discussing opportunities to utilize molecular-scale 
descriptors of NP and ligand properties with machine-learning 
algorithms to guide the computational design of new NPs. 

Experimental studies of ligand effects on 
biointeractions of gold nanoparticles
Gold NPs have been well-studied for biological applications in part 
because ligands with thiol groups can be self-assembled at high 
density onto the gold core to create a stable self-assembled 
monolayer (SAM). Ligands for gold NPs often have a modular 
alkanethiol structure consisting of a sulfur group that anchors to the 
gold surface, a nonpolar alkyl backbone of variable length, and an 
end group that can present a variety of possible functional groups to 
solvent.9–11 Independently tuning the length of the alkyl backbone 
and the number and type of functional groups present in the end 
group permits access to a large design space of possible ligands. 

Consequently, dozens of different ligands have been reported in the 
literature that encompass variations in alkyl chain length, saturation, 
and architecture, as well as end group charge, bulkiness, polarity, 
and related properties.28–34 Mixed SAMs comprising two (or more) 
ligand species have also been explored to further expand the 
potential design space.22,35,36 

The control over ligand chemistry, as well as control over gold 
core properties, have led to studies of gold NP libraries as useful 
models for ligand effects on NP behavior. For example, systematic 
variations in the properties of ligand end groups were used to 
explore the impact of NP surface properties and core size on the 
cellular uptake of small gold NPs, revealing distinct cellular uptake 
efficiencies and mechanisms depending upon the end group charge 
(cationic, anionic, or zwitterionic) as well as core size.23 Variations in 
the relative ratio of ligands functionalized with nonpolar or anionic 
end groups present in mixed SAMs, thereby impacting apparent NP 
hydrophobicity, were also shown to affect NP nonendocytic uptake, 
again depending upon the core size.22,37 Similar systematic variations 
in ligand structure were employed to study protein adsorption on 
planar mixed SAMs (representative of large NPs, with diameters 
>100 nm) to highlight the importance of hydrogen bond donors and 
acceptors on protein-resistant surfaces.38 Numerous other studies 
have assessed the effect of various ligand end groups on 
biointeractions as summarized in recent reviews.10,11,39

These prior studies highlight qualitative insights into structure-
property relationships that can be obtained from experimental 
studies. Some studies have sought more quantitative relationships 
between NP biointeractions and computed descriptors of ligand 
chemical properties. For example, Rotello and coworkers pioneered 
a modular ligand design featuring a cationic quaternary ammonium 
end group which can present up to three additional functional 
groups.29,31,40 By varying these groups, gold NPs were fabricated with 
identical core sizes and functionalized with ligands with varying end 
group octanol–water partition coefficients (logP). LogP is a measure 

Figure 2: Ligand structure pioneered by Rotello and coworkers. Tuning the 
log P values of the R group was shown to correlate with the propensity for 
NPs to lyse red blood cells (quantified by % hemolysis). However, the 
correlation is imperfect, with dashed red circles showing ligand pairs with 
similar logP but different % Hemolysis, indicating the challenge in utilizing 
single-ligand descriptors to predict biointeractions. Adapted from Ref. 30.
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of a functional group’s affinity for octanol compared to water and 
serves as a metric of ligand hydrophobicity. Variations in logP, and 
thus apparent NP hydrophobicity, were found to correlate with 
cellular uptake23,28,29,41, antimicrobial activity42,43, and protein 
adsorption30,44, indicating the potential for simple descriptors of 
ligand chemical properties to predict complex biointeractions. 
However, ligands with similar end group logP values can still 
demonstrate different and unpredictable behaviors, such as distinct 
hemolytic activity (Figure 2).30 Moreover, descriptors of ligand 
chemical structure may not capture properties that emerge due to 
interactions between or with ligands and are influenced by the NP 
core size; even nanometer variations in core size can impact NP 
biointeractions.37 Alternative approaches have sought to 
parameterize quantitative structure-activity relationship (QSAR) 
models utilizing multiple descriptors of NP properties, rather than 
descriptors of individual ligands.45–47 However, such approaches 
often rely upon experimentally measured macroscopic properties, 
such as the zeta potential, which limits predictions prior to synthesis. 
QSAR approaches may also lack physical interpretability. 

Experimental characterization of NP monolayer 
composition and structure
Beyond macroscopic characterization of NP properties, experimental 
techniques can characterize the composition and structural 
organization of ligands grafted to NPs. Typically, a series of 
spectroscopic and microscopic techniques are employed to 
characterize the physicochemical properties of synthesized NPs. To 
determine the composition of the ligand monolayer, Raman 
spectroscopy48, nuclear magnetic resonance49, matrix-assisted laser 
desorption/ionization mass spectrometry50 have been effective in 
characterizing mixed monolayers of alkanethiolates and aromatic 
thiols48 on gold NPs. Combining matrix-assisted laser 
desorption/ionization mass spectrometry with theoretical 
calculations have also enabled quantitative measurements of 
nanoscale phase separation for a variety of mixed monolayers 
(octanethiol, tiopronin, glutathione, 11-mercaptoundecanoic acid, 
and mercaptoundecyltetraethylene glycol).51 The binding 
mechanisms of ligands on inorganic surfaces can also be determined 
using experimental techniques that capture vibrational modes. For 
example, surface-enhanced Raman spectroscopy has shown that m-
terphenyl isocyanide ligands bind differently to gold and silver 
nanospheres.52 In another study, the use of both Fourier transform 
infrared and X-ray photoelectron spectroscopy found that oleic acid 
binds covalently to cobalt NPs as a carboxylate with both oxygens 
strongly coordinated to the metal surface in a symmetric 
configuration.53

Experimentally studying ligand fluctuations and monolayer 
structure is more challenging. For example, studies of ligand 
dynamics have used neutron scattering to observe ligand precession 
and rotation54,55 and solid-state nuclear magnetic resonance to 
quantify the dynamic volume of ligand chain segments56. To visualize 
functionalized surfaces, microscopic techniques such as atomic force 
microscopy (AFM) and transmission electron microscopy (TEM) can 
be employed with some caveats. AFM can achieve atomic-level 
resolution to study electronic states, allowing one to even visualize 

resonant structures, but requires harsh operating conditions (ultra-
high vacuum and near zero Kelvin temperatures) to achieve this 
resolution.57 Such operating conditions have been shown to be 
unsuitable for studying ligand dynamics at the molecular scale, as 
hydration plays a major role. For example, Bals and Liz-Marzán used 
aberration-corrected high-resolution TEM to capture different 
dynamics of cetyltrimethylammonium bromide and thiol-terminated 
polyethylene glycol ligands on the surface of gold nanorods at 
different degrees of hydration.58 By characterizing the contour of the 
ligand shell (by thickness), they demonstrated that hydration 
influences the organization of the ligands and the formation of 
micellar structures, and found their conclusions to be in agreement 
with molecular dynamics simulations reported elsewhere59–61. Thus, 
while experiments have demonstrated the impact of ligand selection 
on different biointeractions, relating these interactions to the 
structure and surface properties of NPs is hindered by challenges 
associated with the limits of experimental measurements and their 
interpretability. These considerations motivate the development and 
application of computational methods to understand and predict the 
how ligand selection influences NP surface structure, properties, and 
resulting biointeractions.

Simulations reveal NP surface properties and 
biointeractions at the molecular level
 A common physics-based computational method to model 
biomolecular systems is molecular dynamics (MD) simulation (Figure 
3). An MD simulation models the time evolution of a system of 
particles according to Newton’s equations of motion. Particles move 
based on forces computed at discrete timesteps to create a 
trajectory consisting of a sequence of system configurations (i.e., sets 
of particle positions and velocities). Forces are obtained from a 
potential energy function that includes bonded terms to model 
intramolecular bonds, angles, and dihedral angles and nonbonded 
terms to model intra- and intermolecular van der Waals and 
electrostatic interactions. The set of functional forms and 
parameters for a particular potential energy function is called the 
force field. Force field parameters are typically derived to reproduce 
more detailed quantum chemical calculations, although in classical 
MD simulations electron degrees of freedom are not explicitly 
modeled so that covalent bonds cannot be formed or broken during 
a simulation.

Biomolecular systems are often modeled using all-atom 
simulations in which all of the atoms in a set of biomolecules, solvent 
molecules, and ions are modeled as individual particles and assigned 
force field parameters which define their chemical identities and 
interactions. All-atom MD simulations can reach system sizes 
comprising up to millions of atoms over timescales of microseconds 
using timesteps on the order of a few femtoseconds, permitting a 
detailed molecular-scale view of the motion and interactions of 
biomolecules as well as analysis of behavior using tools from 
statistical mechanics. Advances in all-atom MD simulations of NPs, 
such as the development of force fields62,63 for gold or other metals 
and tools for modeling ligand grafting64,65, permit simulations of NPs 
at realistic sizes (≥10 nm core diameter) with chemically explicit 
representations of ligands, solvent molecules, ions, and 
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biomolecules. Alternative simulation methods can also be used to 
overcome computational limitations on the maximize system size 
and timescale accessible to all-atom MD simulations. For example, 
coarse-grained MD simulations treat groups of atoms as particles 
with force field parameters selected to model the effective 
interactions between these groups (Figure 3). Reducing the number 
of atoms by grouping them together permits access to larger system 
sizes and timescales, which allows for more complex representations 
of biological systems (e.g., multicomponent lipid bilayers66–69) or 
more rapid screening of NP libraries70,71. 

All-atom and coarse-grained MD simulations of NPs can 
complement experiments by revealing ligand-mediated 
biointeractions at the nanoscale. For example, all-atom simulations 
were used to model the adsorption of a library of small (2 nm core 
diameter) gold NPs with ligands of varying logP to single-component 
lipid bilayers. The simulations found that increasing ligand logP 
reduces kinetic barriers for the adsorption of NPs at lipid interfaces 
by promoting favorable ligand-lipid contact.72 This example shows 
how MD simulations can provide physical insight to interpret results 
from experimental screening of a NP library, thereby complementing 
the aforementioned QSAR methods. Building on these results, 
coarse-grained simulations were used to assess the impact of a wider 
variety of ligand structures – including variation in logP and variation 
in the degree of branching of ligand end groups at fixed logP – on the 
thermodynamics of lipid bilayer adsorption.73,74 These simulations 
revealed unexpected behaviors: for ligands with linear architectures, 
adsorption free energies were nonmonotonically related to logP with 
adsorption being most favorable for intermediate logP values; for 
ligands with similar end group logP values, adsorption was found to 
be more favorable for ligands with branched, rather than linear, 

Figure 3: Example all-atom and coarse-grained molecular dynamics simulations of monolayer-protected nanomaterials. All-atom simulations can access 
length scales suitable for modelling individual nanomaterials interacting in relatively simple biological environments, such as modelling the adsorption of a 
charged nanoparticle to a single-component lipid bilayer (simulation snapshot adapted from Ref. 72). Coarse-grained simulations enable access to larger 
nanomaterial sizes and more complex system compositions, such as multicomponent lipid bilayers, albeit with reduced accuracy (simulation snapshot 
adapted from Ref. 66).
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architectures. These behaviors were related to the nanoscale 
organization of ligands at the NP surface, as further detailed below. 

These examples highlight the ability of MD to provide detailed 
insight into how ligand selection can affect NP biointeractions, and in 
particular how MD simulations can reveal unexpected effects that 
would not be anticipated based on ligand chemical structure or 
single-ligand descriptors alone. Here, we do not seek to exhaustively 
review all applications of MD simulation to the study of NPs and 
direct the reader to recent reviews in this area.75–77 The following 
two sections will instead focus on how MD simulations can reveal 
spatially inhomogeneous structures and chemical properties at a NP 
surface that emerge from the interplay of ligand fluctuations, core 
size, and interactions between ligands and with the surrounding 
solvent, again using gold NPs as model systems. 

Molecular simulations predict spatially 
inhomogeneous ligand structures and properties
Conventional schematic representations of monolayer-protected 
NPs commonly depict ligands as grafted to a NP core with ligands 
pointed radially outward and end groups presented to the solvent (as 
in Figure 3 and labeled as ligand protrusions in Figure 4). Such 
representations suggest that NP surfaces should be spherically 
symmetric with spatially homogeneous properties (assuming a single 
ligand component), and that ligand end groups should be available 
to interact with molecules in the surrounding solution. These 
considerations may drive ligand design by motivating the selection of 
specific functional groups to interact with species in solution. 
However, ligands can fluctuate due to atomic motions and rotations 
around bonds, leading to monolayer structures that reflect 
contributions from intramolecular energies associated with ligand 
conformations, intermolecular interactions between ligands within 
the monolayer, and the entropy gain associated with sampling 
multiple distinct ligand conformations. In particular, exposure of a 
ligand monolayer to an aqueous solution will lead to dynamic 
reorganization of ligand structures due to these fluctuations and due 
to interactions with the surrounding solvent environment.78–82,25,83 
Such fluctuations are particularly pronounced for small NPs, where 
the curvature of the core leads to substantial free volume in the 
ligand monolayer through which ligands can move, and which is 
potentially accessible to solvent. Consequently, the structures 
obtained by individual ligands within a solvated ligand monolayer 
may substantially differ from schematic depictions. 

MD simulations have revealed several behaviors that emerge 
from ligand fluctuations and lead to changes in monolayer structure 
and apparent NP surface properties (Figure 4). One such behavior is 
the packing of ligands against each other to maximize favorable 
interactions (typically van der Waals or hydrophobic 
interactions).25,26,78,82 Such packing leads to “bundles” of ligands that 
introduce anisotropic structures into even compositionally uniform 
NPs. Bundling is inherently a property that emerges from the 
interactions of multiple ligands and hence is difficult to predict; 
moreover, it depends upon backbone characteristics such as the 
degree of saturation or branching which may not be expected to 
directly affect NP surface properties. Similar anisotropic structures 
can be promoted by alternative ligand interactions, such as the 

formation of “ridges” of charged end groups due to electrostatic 
interactions.83 

These structures can likewise introduce spatial variations in 
chemical properties by exposing ligand backbones, not just end 
groups, to solvent molecules. For example, ligands end-
functionalized with polar groups that may be expected to produce 
uniformly polar NP coatings can instead lead to amphiphilic surface 
properties due to the exposure of nonpolar ligand backbones after 
bundle formation.25,78,79 Spatial variations in NP surface properties 
can also be introduced by the formation of ligand domains with 

Figure 4: Example unusual ligand-mediated heterogeneous structures that 
emerge in water or in the presence of other biomolecules (e.g., lipids). The 
snapshot for domain formation was adapted from Ref. 81. The snapshot 
for nanoparticle snorkeling was adapted from Ref. 113.

Page 6 of 16Materials Horizons



ARTICLE Journal Name

6 | J. Name., 2012, 00, 1-3 This journal is © The Royal Society of Chemistry 20xx

Please do not adjust margins

Please do not adjust margins

distinct chemical properties, either due to the segregation of 
different ligand components in multicomponent multilayers (due to 
diffusion on the surface or conformational changes of specific 
components) or due to the interactions of different segments of 
complex ligand architectures.81 Similar spatially heterogeneous 
variations in surface properties on short (<1 nm) length scales can 
arise from stochastic ligand fluctuations, leading to distinct local 
chemical environments across the surface of a compositionally 
uniform NP which can have a substantial impact on interactions with 
biomolecules.

Ligand fluctuations can also drive behaviors in which functional 
groups are sequestered within the ligand monolayer to avoid 
exposure to solvent, even if a ligand’s chemical structure suggests 
that they are solvent exposed. We refer to such a process as 
“backfolding”.72,73 For example, nonpolar terminal groups of 
functionalized ligands may backfold to maintain contact with 
nonpolar backbone groups of ligands rather than protruding into 
aqueous solution. Similar behavior can also be observed in mixed 
ligand monolayers; for example, a long-chain nonpolar ligand may 
backfold to avoid exposure to water while permitting shorter-chain 
polar ligands to protrude into aqueous solution.79 Backfolding can 
thus influence NP surface properties by preventing end groups from 
being presented to the solvent environment, which has been shown 
to influence NP binding to lipid bilayers and proteins.72–74,84 This 
example also points to the challenge in designing ligand end groups: 
systematically varying logP, as in the example presented above, may 
not lead to commensurate changes in surface hydrophobicity if end 
groups backfold into the ligand monolayer to avoid surface exposure.

Finally, we note that the above discussion focuses on ligand 
fluctuations that affect the structure and surface properties of 
isolated NPs in solution. Perturbations to the structure of a ligand 
monolayer can also arise in response to interactions with other 
species in the environment. For example, NPs with charged ligand 
end groups can stably embed within lipid bilayers if the ligands 
deform to move charged groups into aqueous solution, rather than 
into contact with hydrophobic lipid tail groups, in a process referred 
to as “snorkeling”.85–87 Snorkeling thus produces anisotropic 
structures that arise dynamically due to a biointeraction and can lead 
to unintuitive behavior (i.e., the stable insertion of a charged object 
into the hydrophobic core of the bilayer). 

NP surface properties emerge from complex 
interplay of ligand interactions
Another challenge with ligand selection is that critical NP surface 
properties depend on the local chemical context at the nanoscale, 
and thus emerge from the interplay of ligand-ligand and ligand-
solvent interactions that is difficult to relate to single-ligand 
properties. Here, we focus on two such properties of a surface: 
hydrophobicity and electrostatic potential. Both properties are often 
estimated based on single-ligand descriptors. For example, 
hydrophobicity is typically estimated based on single-ligand 
descriptors like logP, or sometimes based on additive hydropathy 
scales adapted from calculations of protein hydrophobicity.88,89 The 
electrostatic potential can be computed using continuum methods 
that assume a surface charge density, which can itself be estimated 

based on the system pH and pKa of individual ligand functional 
groups.  However, both of these properties will vary depending on 
the local chemical environment in ways that are difficult to predict 
but can be assessed using MD simulations (Figure 5).25,27,90 

Hydrophobicity measures the thermodynamic affinity of water 
molecules for an interface.91 Materials can experience attractive, 
water-mediated hydrophobic interactions whose magnitude will 
depend upon their effective hydrophobicity; such interactions are 
critical in driving biointeractions with hydrophobic binding interfaces 
on proteins or with the hydrophobic core of the lipid bilayer. NP 
hydrophobicity can be difficult to predict in part because of ligand 
fluctuations that vary the exposure of nonpolar functional groups to 
water. However, hydrophobicity is also difficult to predict because it 
fundamentally emerges from the interfacial structure of water 
molecules, which reflects the spatial organization of water molecules 
near an interface due to their propensity for hydrogen bonding. 

Nonpolar interfaces are generally considered to be hydrophobic 
because nonpolar groups cannot hydrogen bond with nearby water 
molecules, leading to thermodynamic penalties associated with 
hydration.92 Water structure can be also perturbed by local 
variations in chemical context that can substantially impact 
interfacial hydrophobicity. For example, introducing polar or charged 
functional groups near nonpolar regions of an interface can either 
increase or decrease the hydrophobicity of that nonpolar region 
depending on the chemical identity of the polar group.93 Similarly, 
varying the nanoscale order of ligands by changing backbone length 
or saturation (without varying exposure to water) or the local 
curvature of a uniformly nonpolar interface can likewise impact 
hydrophobic interactions.94 Hydrophobic interactions are also a 
strong function of temperature due to the effect of thermal motion 
on water structure. MD simulations can provide insight into these 
effects by quantifying thermodynamically well-defined descriptors of 
hydrophobicity, such as local water density fluctuations, to provide 
insight into how local chemical context influences hydrophobic 
interactions.94,95

The surface charge density, which influences the electrostatic 
potential, is also heavily influenced by the local chemical 
environment, particularly at highly charged interfaces. For example, 
charged NPs can have their surface charge density modulated by 
interactions with oppositely charged counterions, with the 
counterion density depending upon their size and valency.96,97 Highly 
charged NPs can introduce substantial counterion binding to largely 
neutralize the surface charge density in a process called counterion 
condensation.97 Spatial variations in counterion binding, along with 
the potential formation of anisotropic structures as noted in the 
preceding section, can introduce spatially varying electrostatic 
properties that would not be anticipated from single-ligand 
descriptors.27 Electrostatic interactions between charged ligands can 
also influence monolayer structure as noted above.27 Another 
challenge is predicting the ionization of weak acidic or basic groups, 
which will vary with both the system pH and variations in the local 
thermodynamic activity of protons near the NP-water interface.98 
These factors will also all depend upon the electrolyte concentration 
in solution which will dictate the screening of electrostatic 
interactions. 
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MD simulations can explicitly model ligand-ion, ligand-solvent, 
ion-ion, and ion-solvent interactions to capture these complex 
electrostatic effects. While continuum electrostatics calculations, 
such as those based on Poisson-Boltzmann calculations, omit effects 
due to explicit ions, they can be utilized in conjunction with surface 
charge densities obtained from simulations to predict spatial 
variations in the electrostatic potential. Advanced simulation 
methods that permit alterations in the charge of functional groups 
based on the system pH (e.g., constant-pH simulations) have also 
been used to explore spatial variations in surface charge 
density.27,99,100 Finally, such simulations also account for changes in 
the local dielectric environment associated with perturbations to 
water structure (which, as noted above, also will impact hydrophobic 
interactions).93–95 

Outlook: Integration of simulation, experiment, 
and data science for predictive ligand design
The prior discussion highlights the power of MD simulation to reveal 
NP properties at the nanoscale. MD simulations still face substantial 
challenges due to their computational cost, however, which limits 
the compositional complexity of modeled systems. For example, 
most MD simulations of NP biointeractions utilize simplified 
representations of biomolecular systems, such as treating lipid 
bilayers with only a small number of lipid components and omitting 
proteins entirely. This limitation inhibits accurate modeling of NP-
biosystems interactions with realistic chemical compositions. 
Nonetheless, the capability of MD simulations to compute 
quantitative descriptors of NP surface properties that account for 
ligand fluctuations and local chemical context suggests the potential 
for MD simulations to be integrated with machine learning methods 
and experimental studies of NP libraries to predict biointeractions a 
priori.101 Such simulations can also uniquely provide thermodynamic 
descriptors (e.g., adsorption free energies) of NP-biomolecule 
interactions as possible input for machine learning models.  

As steps in this direction, recent studies have generated virtual 
libraries of NPs then computed descriptors from static 3D structures 
of these NPs, including a ligand coating, as input to a QSAR model.102  
Building upon these results, high-throughput MD simulations of a 
similar set of NPs were shown to produce descriptors of ligand 
fluctuations, ligand-ligand interactions, and ligand-solvent 
interactions that improved QSAR model accuracy when predicting 
cellular uptake (Figure 6).101 Methods combining MD simulations of 
a small number of NPs with deep learning models (e.g., graph neural 
networks) have also recently been developed to predict NP-protein 
binding.103,104 We further envision opportunities to closely integrate 
experiment and computation through the development of feedback 
loops that use machine learning models to guide the selection of 
experiments at each iteration. Similar approaches have successfully 
been used in the design of related materials with targeted 
biointeractions, such as polymeric NPs105, protein-binding 
polymers,106 and antifungal peptides107. 

Conclusions

This Focus article has sought to highlight the difficulty in rationally 
designing monolayer-protected nanoparticles with desired 
biointeractions because of challenges with anticipating how ligand 
chemistry influences spatially varying surface properties at the 
nanoscale. Such properties emerge from the cooperative influence 
of ligand chemistry and NP size which makes it difficult to develop 
predictive structure-property models based on ligand chemistry 
alone. However, molecular simulations can both model these effects 
and quantify chemical properties, such as hydrophobicity and 
electrostatic potential, that depend upon the local chemical 
environment (including solvent and ions) and dictate critical 
interactions in biological environments. Such simulations can also 
provide molecular-scale descriptors of NP-biomolecule interactions, 
as opposed to descriptors of single-ligand properties or 
experimentally determined NP properties. Molecular simulations 
could thus provide valuable input, particularly when combined with 
machine learning models and analysis of experimental NP libraries, 
to guide ligand selection and, more broadly, predictive NP design.

To further connect experimental characterization of ligand 
properties to simulation results, it is of great importance to continue 
developing ultra-high-resolution imaging and analytical techniques 
that can more clearly show interactions between individual 
molecules and can be employed under normal conditions (i.e., 
standard temperature and pressure, and liquid environments). 
Increasing the utility and accuracy of molecular simulation methods 
requires new coarse-graining methods that can reach longer time 
and length scales necessary to model NP-biomolecule interactions 
while still accurately capturing heterogeneous NP surface 
properties.76,108 Similarly, new enhanced sampling methods are 
needed to permit the calculation of complex free energy landscapes 

Figure 5: Example spatially inhomogeneous surface properties for NPs with 
single-component ligand monolayers. A Variations in interfacial 
hydrophobicity, quantified by the hydration free energy, 𝜇𝐿, for a gold NP 
(GNP) with a uniformly nonpolar ligand monolayer. Adapted from Ref. 25. 
B Variations in the electrostatic potential as indicated by the Voronoi 
tessellation (at right) due to the spatial distribution of ions and changes in 
protonation state of charged ligands. Reprinted (adapted) with permission 
from Ref. 27. Copyright 2020, American Chemical Society.
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associated with nano-bio interactions109,110, as well as methods to 
correctly capture the effect of pH on NP surface properties in 
biological environments111,112. Technological advancements on these 
fronts would pave the way to fully bridge gaps between experiments 
and theory while fully synergizing both research areas to enable 
predictive models for future discovery and development of 
nanomaterials aimed at biomedical applications.

We note that while most of the examples in this Focus article 
involved gold NPs as model systems, the general observations and 
outlook for predictive methods should be equally appliable to 
other classes of NPs. For example, the importance of ligand 
fluctuations in dictating local changes to NP surface properties will 
be equally applicable to NPs with soft surface or surface coatings 
(e.g., polymerosomes or polymer-coated NPs) or lipid-based NPs 
with multiple lipids capable of diffusing on the surface (e.g., lipid 
NPs, vesicles). We thus expect the development of new 
simulation-informed methods for NP design to have a broad 
impact on engineering the nano-bio interface for diverse 
applications of biomedical relevance.
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