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Abstract

Electrostatic interactions are omnipresent in biology and play an important role in carrying out and determining the
outcome of biological processes. Understanding biomolecular processes and the underlying phenomena, thus, requires
an accurate representation of the system’s electrostatics. Computational methods like molecular dynamics simulations,
owing to their atomistic resolution and the ability to describe biomolecular motion, interaction and structural fluctuations
in atomic detail, have over time gained a lot of importance as a supporting tool for experiments in the quest to obtain
mechanistic understanding of biological processes. With the important role that electrostatic interactions play in
biology, accurate modelling of these interactions is important for obtaining reliable results from molecular simulations of
biomolecules. In this review, we discuss the basics of biomolecular electrostatics, and state of the art and the recent
developments in modelling electrostatic interaction in molecular dynamics simulations.
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1. Introduction

Electrostatic interaction plays a central role in many
biological processes, ranging from storage of genetic in-
formation to binding partner recognition. Each µm sized
cellular nucleus, for instance, holds 2 meters long DNA.
The encasement of DNA within the nucleus requires very
strong compaction of the negatively charged biopolymer
with a very high linear charge density. The first level of this
compaction is achieved by wrapping of the DNA around
spherical cores consisting of positively charged histone pro-
teins [1], giving rise to the nucleosome core particle [2],
[3] (see figure 1(A)). Further compaction of the DNA into
chromatin involves electrostatic interaction between the
disordered N- and C-terminal regions of the core histones
with the DNA of neighboring nucleosomes [4]. The decom-
paction of the compacted genetic material for the purpose
of transcription also requires modulation of electrostatic
interaction by the cellular transcription machinery through
post-translational modifications [5]. In the sperm nuclei,
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during spermatogenesis, histone proteins are replaced by
positively charged arginine-rich proteins called protamines
(see Figure 1(B)), which bind the DNA major groove [6],
[7] and utilize electrostatic interaction to compact the ge-
netic material much more strongly in order to ascertain
compact sperm head resulting in its smooth movement.

Electrostatic interaction is the most tunable and context-
dependent interaction in proteins, making it one of the most
powerful levers in protein engineering. Salt bridges can be
introduced to stabilize certain folded conformations, while
oppositely charged residues can be intentionally introduced
at certain locations to destabilize certain conformations
and promote conformational switching. Enzymes arrange
charged residues so that the active site electric field stabi-
lizes the transition state more than the ground state [8].
This is one of the strongest contributors to catalytic rate
enhancement. Charged residues near the active site can
be mutated to control transition-state stabilization [9],
[10]. Electrostatic interaction affect the pKa of amino acid
residues [11], [12], which can be utilized to engineer the
activity pH of enzymes and design enzymes for non-native
environments. Charged patches on protein surfaces de-
termine protein-protein binding strength and specificity.
Charge distribution on the surface can be modified to mod-
ulate binding strength, specificity and conformation.

Electrostatic interaction plays a vital role in determining
the nature of interaction between antibodies in therapeutic
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List of acronyms.

Acronym Description

MD Molecular Dynamics
PBE Poisson–Boltzmann Equation
PB Poisson–Boltzmann
GB Generalized Born
PME Particle Mesh Ewald
SPME Smooth Particle Mesh Ewald
PPPM Particle–Particle Particle–Mesh
FDM Finite Difference Method
FEM Finite Element Method
BEM Boundary Element Method
PBC Periodic Boundary Conditions
ff Force Field
FFT Fast Fourier Transform
APBS Adaptive Poisson–Boltzmann Solver
QM/MM Quantum Mechanics / Molecular Mechanics
CpHMD Constant pH Molecular Dynamics
DNA Deoxyribonucleic Acid
RNA Ribonucleic Acid
mAb Monoclonal Antibody
ARG Arginine
Lys Lysine
Asp Aspartic Acid
Glu Glutamic Acid
SPME Smooth Particle Mesh Ewald
CHARMM Chemistry at HARvard Macromolecular Mechan-

ics
pKa Acid Dissociation Constant
λD Debye Length
κ Debye Screening Parameter

Figure 1: (Color online) (A) Structure of the nucleosome core
particle showing negatively charged DNA wrapped around the
positively charged histone core. The N- and C-terminal
disordered regions of the histone proteins are also indicated.
(B) Structure of the positively charged protamine bound within
the major groove of a DNA molecule. Note: This illustration is
adapted from [7].

solutions [13]. Certain therapeutic applications require
high-concentration formulations leading to formation of
protein aggregates. Such aggregated formulations have re-
duced therapeutic efficacy, and initiate an immune response
when injected into the blood stream [14]. The interaction
between the proteins is modulated by adding appropriate

excipients and buffers into the formulation, which modify
the inter-protein electrostatic interaction, however different
species of excipients and buffers modify the interaction
in different ways [13], [15]. The effect of these additional
ions is complicated and depends on many factors like ionic
concentration and the nature of the protein surface.

Interaction between two point charges in vacuum or
in a dielectric medium is described by Coulomb’s law
(F = 1

4πε0εr

q1q2
r2 ), where q1 and q2 are the charges, r is

the distance between them, and ε0 and εr are the permit-
tivity of free space and the relative dielectric constant of
the medium, respectively.

Gauss’ law states that the electric flux through a closed
surface is proportional to the total charge enclosed within
that surface. In differential form, it is written as (1):

∇ ·E = ρ(r)
ε0εr

, (1)

In (1), E is the electric field and ρ(r) is the charge density.
Since the electrostatic field is conservative, it can be

expressed in terms of an electrostatic potential ϕ(r) as
E = −∇ϕ.

Substituting this relation into Gauss’ law yields Pois-
son’s equation for the electrostatic potential in a medium
of permittivity ε = ε0εr as (2), where ρ(r) denotes the
local charge density.

∇2ϕ(r) = −ρ(r)
ε , (2)

Dielectric media reduce the strength of electrostatic in-
teraction between charges. The dielectric medium relevant
to biomolecules is water. An aqueous medium in addition to
modifying and screening inter-biomolecular interaction also
plays the role of keeping the structure of the biomolecules
intact. The overall structure of biomolecules originates
from a balance between polar and non-polar interactions.
Water, for instance, screens electrostatic repulsion between
the backbones of the dsDNA strands and increases the clus-
tering tendency of the hydrophobic bases attached to the
strands resulting in the characteristic double-helical struc-
ture of the DNA molecule [16], [17]. The folded structure
of the proteins originates from the tendency of hydrophobic
amino acids to stay out of contact of water resulting in
the formation of a hydrophobic core covered by charged
and polar amino acids that have favorable interaction with
water. In the cellular environment, in addition to water,
biomolecules themselves form a part of the environment
of other biomolecules and are assigned with their own di-
electric constant. Protein, for instance, due to directional
restraint of the constituent amino acids, is considered to
have a low dielectric constant as compared to water [18].
Electrostatic screening is pronounced further by the pres-
ence of counter and co-ions. A charged molecule in water
attracts counterions and repels co-ions. The overall ionic
distribution around the charged molecules leads to the
molecule presenting a lower (or higher) effective charge to
other charged molecules in its surroundings [13].
Surface of biomolecules (especially proteins) do not have
uniform distribution of charges but rather an inherent
patchiness with regard to how the charge is distributed
over the surface. Unevenly placed charged amino acids
on the surface results in regions that are strongly charged
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while the protein as a whole might be neutral. Such charge
distributions give rise to strong local attraction or repul-
sion between proteins at close approach leading to direc-
tionality (anisotropy) of interaction, determining binding
specificity, complex formation, and conformational stability.
The heterogeneity of the surface charge and the irregular
geometries of these biomolecules preclude determination of
analytic solutions to the equations governing intermolecular
electrostatics.

In recent times, molecular dynamics simulations and
other computational methods have emerged as a very im-
portant supporting tool for experiments in understanding
the mechanistic details of biological processes and in other
application-based fields like drug discovery [19]. A proper
treatment of the electrostatic interaction in simulations
is necessary to sharpen the impact of such computational
methods. In this review, we discuss the basics of biomolec-
ular electrostatics, various numerical methods used to solve
electrostatic equations and the methods used to evaluate
electrostatic terms in explicit and implicit solvent simula-
tions. We further discuss recent developments and future
directions towards an accurate description and evaluation
of electrostatic interaction in simulations.

2. Electrostatics in molecular dynamics simulations

Molecular dynamics simulation is a computational tool
to obtain a trajectory of a molecule and its environment
as a function of time. Ideas from statistical mechanics
are then used to calculate various equilibrium and non-
equilibrium properties of the system. To generate the
trajectory, the initial positions and velocities (r0i , v0i ) of
each particle constituting the system are used as an input.
The total force on each particle that constitutes the system
due to all other particles in the system is then calculated
and then (r∆t

i , v∆t
i ) at a future time ∆t are evaluated by

integrating the Newton’s equations of motion. This process
is repeated over multiple time steps (t/∆t) and a complete
trajectory over a time t is generated. A force field (ff ) is a
mathematical model that describes the potential energy of
a molecular system as a function of atomic coordinates. It
consists of analytical expressions and associated parameters
that approximate the interactions between atoms. These
interactions are typically divided into bonded terms, which
describe interactions between atoms connected by covalent
bonds, and non-bonded terms, which describe interactions
between atoms that are not directly bonded. ff s enable
the calculation of forces (as derivatives of the potential
energy function) acting on atoms, which are then used to
propagate molecular dynamics trajectories.

The (3) represents various terms of the CHARMM
ff [20] which is one of the most widely used ff s for proteins
(other ff s use more or less similar potential functions):

UCHARMM =
∑

bonds

kb(r − r0)
2 +

∑
angles

kθ(θ − θ0)
2

+
∑

Urey–Bradley

kUB(S − S0)
2

+
∑

dihedrals

kΦ [1 + cos(nΦ− δ)]

+
∑

impropers

kω(ω − ω0)
2

+
∑
i<j

[
Aij

r12ij
− Bij

r6ij
+

qiqj
4πε0εr rij

]
.

(3)

The first five terms represent bonded interactions. The
bond stretching term models deviations of the bond length
r from its equilibrium value r0 using a harmonic potential
with force constant kb. The angle bending term describes
deviations of the bond angle θ from its equilibrium value θ0,
with force constant kθ. The Urey–Bradley term accounts
for interactions between atoms separated by two bonds (1–3
interactions), where S is the distance between the terminal
atoms and S0 its equilibrium value. The dihedral term
describes torsional rotations around bonds, where Φ is the
dihedral angle, n is the multiplicity, δ is the phase shift, and
kΦ is the torsional force constant. The improper dihedral
term enforces planarity or chirality, with ω representing the
improper angle and kω its associated force constant. The
final summation represents non-bonded interactions. The
first two terms correspond to the Lennard–Jones potential,
where the r−12 term describes short-range Pauli repulsion
and the r−6 term describes attractive van der Waals disper-
sion (dipole-induced dipole) interactions. The last term is
the Coulombic interaction between partial atomic charges
qi and qj separated by distance rij , which constitutes the
electrostatic part of the ff. Obtaining the contribution of
the electrostatic interaction to the total potential energy
of the system requires an accurate evaluation of this term.

3. Explicit and implicit solvent models

Biomolecules are usually studied in an aqueous envi-
ronment, which is their native environment inside a cell.
The accuracy of electrostatic calculations in biomolecular
simulations depends on how realistically the solvent envi-
ronment is represented. Since most biological processes
occur in aqueous environments, the solvent plays a cru-
cial role in screening electrostatic interactions, stabilising
charged groups, and mediating biomolecular recognition.
Two broad approaches are commonly used to model solvent
effects: explicit solvent models and implicit solvent models.
These approaches differ fundamentally in their treatment
of electrostatics, physical realism, and computational effi-
ciency.

In explicit solvent models, solvent molecules such as
water and ions are represented as individual particles inter-
acting through classical ff s. In the atomistic simulations,
water molecules (and also solutes) are represented in atomic
detail, using various water models [21]. In this approach
the dielectric effect of water emerges automatically from
pairwise electrostatic interactions of the atoms constitut-
ing the system. This approach captures molecular-level
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Figure 2: (Color online) The central box is a schematic
representation of the simulation system. The surrounding
boxes represent its periodic images. The blue sphere of radius
rc (cut-off radius), centered at a reference particle, contains all
neighboring particles contributing to its interactions. The red
shell indicates the buffer region used to ensure accurate force
calculations.

solvent structure, hydrogen bonding networks, hydration
shells around biomolecules, and spatial variations in dielec-
tric response. As a result, explicit solvent models provide
a highly realistic description of biomolecular electrostat-
ics. However, the inclusion of a large number of solvent
molecules substantially increases the computational cost
of simulations. In coarse-grained explicit solvent based
simulations, an effective particle represents either one or a
group of water molecules leading to a reduction in accuracy.

Implicit solvent models, in contrast, do not represent
solvent molecules explicitly. Instead, the solvent is treated
as a continuous medium characterised by an effective dielec-
tric constant that mimics the average electrostatic screening
effect of water. In this framework, biomolecules are embed-
ded in a dielectric continuum, and electrostatic interactions
are computed using continuum electrostatics theories rather
than explicit solvent particles.

4. Electrostatics in explicit solvent setup

In explicit solvent MD simulations, periodic boundary
conditions (PBC) are employed [22], wherein the finite sized
simulation box that contains the system (solute + solvent)
is replicated infinitely in all spatial directions (see Figure 2).
This approach effectively mimics a bulk environment and
mitigates finite-size and surface effects by allowing particles
leaving one side of the box to re-enter from the opposite
side. While PBC enable a more realistic representation
of condensed-phase systems, they also render electrostatic
interactions computationally demanding due to the long-
range nature of Coulomb forces, which require specialized
methods to efficiently account for interactions with periodic
images.

4.1. Particle Mesh Ewald (PME)
In molecular simulations, the accurate treatment of

Coulombic interactions is challenging because they are long-
ranged and decay slowly with distance. Direct summation
of pairwise electrostatic interactions in periodic systems
is computationally prohibitive, while naïve truncation us-
ing cut-off distances can introduce significant artefacts.
Ewald-based methods provide a systematic framework to
overcome these limitations by enabling accurate and effi-
cient computation of long-range electrostatics.

The classical Ewald summation method [22] decomposes
the electrostatic energy of a periodic system into real-space
and reciprocal-space contributions. For a system of charges
qi at positions ri, the total electrostatic energy can be
expressed as (4).

U =
1

2

∑
i̸=j

qiqj
rij

(4)

In (4), rij = |ri − rj |. In the Ewald formalism, this expres-
sion is rewritten as (5).

U = Ureal + Ureciprocal + Uself, (5)

In (5), Ureal represents short-range interactions computed
in real space, Ureciprocal accounts for long-range interactions
evaluated in Fourier space, and Uself is a correction term
that removes spurious self-interactions. The real-space
contribution is given by (6).

Ureal =
1

2

∑
i̸=j

qiqj erfc(αrij)

rij
(6)

In (6), α is the Ewald splitting parameter controlling the
division between real and reciprocal space, and erfc is
the complementary error function. The reciprocal-space
contribution is written as (7).

Ureciprocal =
1

2V

∑
k̸=0

4π

k2
exp

(
− k2

4α2

) ∣∣∣∣∣∣
∑
j

qje
ik·rj

∣∣∣∣∣∣
2

(7)

In (7), V is the simulation cell volume and k are reciprocal
lattice vectors.

Although the Ewald summation is highly accurate, its
computational cost scales poorly with system size, moti-
vating the development of more efficient mesh-based al-
gorithms. The Particle Mesh Ewald (PME) [22] method
accelerates the reciprocal-space calculation by interpolat-
ing particle charges onto a discrete mesh and evaluating
the Fourier-space sums using Fast Fourier Transforms.
This reduces the computational scaling to approximately
O(N logN), enabling its application to large biomolecu-
lar systems. The long-range electrostatic potential ϕ(r)
in PME is obtained by solving Poisson’s equation on the
mesh is expressed as (8).

∇2ϕ(r) = −ρ(r)

ε0
(8)

In (8), ρ(r) is the charge density mapped onto the grid.
Higher-order interpolation schemes, such as B-spline func-
tions, are employed to improve accuracy and reduce dis-
cretisation errors.
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Closely related to PME is the Particle–Particle Particle–
Mesh (PPPM) method [23], which also separates electro-
static interactions into short-range particle–particle and
long-range mesh-based components. While PPPM was
originally developed in plasma physics and soft-matter
simulations, it has been adapted for molecular dynam-
ics and shares conceptual similarities with PME, differing
mainly in interpolation strategies and implementation de-
tails. Further refinements, such as Smooth Particle Mesh
Ewald (SPME) [24] and multilevel Ewald approaches, have
enhanced numerical stability, accuracy, and parallel scal-
ability. By combining rigorous electrostatic theory with
computational efficiency, these methods provide a reliable
foundation for modelling biomolecular interactions in com-
plex, solvated, and charged environments, thereby signifi-
cantly improving the realism and predictive capability of
molecular simulations.

4.2. Electrostatic cut-off Schemes
While PME and related Ewald-based methods provide

an accurate and efficient treatment of long-range electro-
statics, their computational cost can still be significant
for very large systems or long simulation times. Conse-
quently, many molecular simulation studies also employ
cut-off schemes to approximate electrostatic interactions.
In these approaches, Coulombic interactions are evaluated
explicitly only up to a finite distance, known as the cut-
off radius rc, beyond which interactions are neglected or
treated approximately. Several cut-off strategies have been
proposed to reduce artefacts associated with abrupt trun-
cation of the Coulomb potential [25], [26], [27].

The simplest approach is the hard cut-off scheme, in
which the electrostatic potential between two charges qi
and qj is given by (9).

Uij(r) =

{ qiqj
4πε0r

, r ≤ rc

0, r > rc
(9)

In (9), r is the interparticle distance and ε0 is the vac-
uum permittivity. Although computationally efficient, this
abrupt truncation leads to discontinuities in the potential
and forces, often resulting in unphysical behaviour.

To mitigate these issues, shifted potential schemes mod-
ify the Coulomb interaction such that the potential smoothly
approaches zero at the cut-off distance is given by (10).

U shift
ij (r) =

qiqj
4πε0

(
1

r
− 1

rc

)
, r ≤ rc (10)

This ensures continuity of the potential at r = rc, although
the force may still exhibit discontinuities.

A more refined approach is the switching function method,
in which the Coulomb potential is gradually damped within
a switching region rs < r < rc is expressed as (11).

U switch
ij (r) = S(r)

qiqj
4πε0r

(11)

where S(r) is a smooth switching function satisfying S(r) =
1 for r ≤ rs and S(r) = 0 for r ≥ rc. A commonly used
polynomial switching function is follows (12).

S(r) = 1− 10x3 + 15x4 − 6x5, x =
r − rs
rc − rs

. (12)

An alternative physically motivated scheme is the reaction-
field method [28], which assumes that the region beyond
the cut-off radius behaves as a dielectric continuum with
permittivity εrf. The modified electrostatic potential is
expressed as (13).

URF
ij (r) =

qiqj
4πε0r

[
1 +

εrf − 1

2εrf + 1

(
r3

r3c
− 1

)]
, r ≤ rc.

(13)
The reaction-field approach partially accounts for long-
range electrostatic effects and is often used in simulations
of condensed-phase systems.

The implementation of electrostatic cut-off schemes re-
quires maintaining a neighbor list [22]. For a given atom,
the neighbor list contains information about atoms that lie
within the interaction range, defined by rc together with a
small buffer region (see Figure 2). As solute and solvent
molecules undergo diffusive motion during the simulation,
the composition of the neighbor list evolves with time
and therefore must be updated periodically. In atomistic
molecular dynamics simulations, this update is typically
performed every few to several time steps to balance com-
putational efficiency and accuracy. If the neighbor list is
not updated sufficiently frequently, new atoms may enter
the interaction range between updates, which can introduce
small errors in the evaluation of electrostatic interactions.
Despite their computational efficiency, electrostatic cut-off
schemes can introduce systematic errors in structural, dy-
namical, and thermodynamic properties, particularly in
highly charged or heterogeneous biomolecular systems [? ],
[30]. Therefore, modern molecular simulations frequently
combine short-range cut-off treatments with PME, achiev-
ing a balance between computational efficiency and physical
accuracy. A comparison between PME and cut-off schemes
is provided in table 1.

5. Electrostatics in implicit solvent setup

One widely used implicit solvent approach is the Poisson–
Boltzmann (PB) model. In the PB model, the electro-
static potential around a biomolecule is obtained by solving
the Poisson–Boltzmann equation (PBE), which describes
how electric fields and ionic distributions respond to fixed
charges in a dielectric medium. This method accounts for
the influence of solvent polarity and mobile ions in an aver-
aged manner, providing a physically grounded description
of electrostatic screening.

5.1. The Poisson–Boltzmann approach
5.1.1. The Poisson-Boltzman equation

The Poisson-Boltzmann equation [31] describes the elec-
trostatic potential arising from charged surfaces immersed
in electrolytes [32]. Such a scenario is common for biomolec-
ular systems [33] and in many other real-world applications
such as semiconductor interfaces [34], electrodes in bat-
teries and fuel cells etc [35]. The spatial distribution of
ions near such surfaces determines electrostatic forces. In
idealized models, charge density is often fixed and we de-
termine the electrostatic potential of such surfaces from
Poisson equation. However, in realistic physical systems,
the ionic distribution depends both on the electrostatic
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Table 1: Comparison of particle mesh Ewald (PME) and electrostatic cut-off schemes in molecular simulations.

S.
No.

Aspect Particle Mesh Ewald (PME) Electrostatic Cut-off Schemes

1. Treatment of long-range
electrostatics

Explicitly evaluates long-range
Coulomb interactions using
reciprocal-space Fourier sum-
mation combined with real-space
Ewald decomposition, ensuring full
electrostatic representation under
periodic boundary conditions.

Electrostatic interactions are trun-
cated beyond a predefined cut-off ra-
dius, and contributions from distant
particles are either ignored or approxi-
mated using shift or switch functions.

2. Computational scaling Scales as O(N logN) due to the use
of fast Fourier transform (FFT) algo-
rithms for reciprocal-space computa-
tions.

Scales approximately as O(N) when
efficient neighbour list and domain de-
composition techniques are employed.

3. Accuracy High accuracy; considered the bench-
mark method for periodic sys-
tems. Accurately captures long-range
electrostatic correlations, collective
charge interactions, and periodic im-
age effects.

Moderate to low accuracy; highly de-
pendent on cut-off radius and smooth-
ing method. Long-range electrostatic
correlations are incompletely repre-
sented.

4. Continuity of potential
and forces

Provides smooth, continuous, and dif-
ferentiable electrostatic potential and
forces across the simulation domain,
ensuring numerical stability.

Hard cut-off methods introduce dis-
continuities in energy and force.
Shifted or switched cut-offs improve
continuity but remain approximate.

5. Physical realism Accurately represents periodic
boundary conditions and long-range
Coulomb interactions, ensuring
physically realistic electrostatic
behaviour.

Limited physical realism due to ne-
glect of long-range electrostatic con-
tributions, especially in charged sys-
tems.

6. Typical applications Widely used in atomistic simula-
tions of biomolecules, proteins, nu-
cleic acids, lipid membranes, ionic sys-
tems, and solvated macromolecules.

Commonly used in coarse-grained
simulations, large-scale exploratory
studies, and computationally con-
strained environments.

7. Sensitivity to parameters Depends on mesh spacing, interpola-
tion order, Ewald splitting parameter,
and grid resolution.

Depends on cut-off radius, switching
function, and neighbour list update
parameters.

8. Computational cost Higher computational cost due to
FFT calculations and reciprocal-
space operations.

Lower computational cost with re-
duced computational overhead.

9. Suitability for biomolecu-
lar simulations

Highly suitable and recommended for
accurate atomistic biomolecular sim-
ulations.

Less suitable for high-precision
biomolecular simulations; mainly
used for approximate modelling.

interaction and thermal agitations. Understanding this
interplay is essential for describing equilibrium behavior in
ionic systems.

The ions with a charge opposite to that of the surface are
trapped very close to the surface resulting in the formation
of a rigidly held ionic layer on the charged surface known
as the stern layer [37]. Beyond the stern layer, the ions are
loosely arranged and form a diffused layer with gradually
decaying concentration. The stern and the diffused layer
beyond it forms what is called the ionic double layer [38]
(see Figure 3).

Considering a symmetric 1:1 electrolyte with bulk ionic
number density n0, the local number densities of positive
and negative ions follow Boltzmann statistics and which is
expressed as (14).

n±(r) = n0 exp

(
∓eϕ(r)

kBT

)
. (14)

Therefore, the local charge density is follows (15).

ρ(r) = e [n+(r)− n−(r)] = −2en0 sinh

(
eϕ(r)

kBT

)
(15)
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Figure 3: (Color online) Stern layer and electric double layer
near a charged surface in an electrolyte medium, along with
the variation of cation and anion concentrations as a function
of distance from the surface. Note: This illustration is adapted
from [36].

The total charge density is the sum of the free charge
density and the local charge density in the solvent, i.e.
ρtot(r) = ρ(r) + ρf (r). Substituting ρtot(r) into Poisson’s
equation yields PBE (16):

∇2ϕ(r) =
2en0

ε
sinh

(
eϕ(r)

kBT

)
− ρf (r)

ε
(16)

The (6) is nonlinear and generally does not admit analyti-
cal solutions. For weak electrostatic potentials satisfying
|eϕ/kBT |≪ 1, the hyperbolic sine function may be lin-
earized, (as sinhx ≈ x) for |x| ≪ 1. Applying this ap-
proximation gives the linearized PBE or the (D-H) equation
(17) [39]:

∇2ϕ(r) =
2e2n0

ϵkBT
ϕ(r)− ρf (r)

ε
(17)

Defining κ2 = 2e2n0/εkBT , the equation becomes: ∇2ϕ =
κ2ϕ − ρf/ϵ, and κ is referred to as the Debye screening
parameter and quantifies the decay of electrostatic interac-
tions due to ionic screening in the electrolyte.

For a point charge q located at the origin, the govern-
ing equation is ∇2ϕ− κ2ϕ = − q

εδ(r), with the spherically
symmetric solution: ϕ(r) = q

4πεr e
−κr, which represents a

screened Coulomb potential. The characteristic screening
length is the Debye length λD = κ−1. Electrostatic inter-
actions decay exponentially beyond this length scale. For
an electrolyte with ionic species i of valency zi and bulk
number density n∞

i , the screening parameter becomes (18):

κ2 =
e2

εkBT

∑
i

n∞
i z2i (18)

The D-H theory, thus, emerges as the linearized limit of
the PBE, yielding a screened Coulomb interaction charac-
terized by λD. PBE is widely used in biomolecular studies

because it provides a physically grounded and computa-
tionally efficient description of electrostatic interactions
in solvated biological systems. The PBE is a continuum
electrostatics model in which the solvent is treated as a
dielectric medium and mobile ions are described by sta-
tistical distributions, allowing the calculation of electro-
static potentials around proteins, nucleic acids, and other
biomolecules without explicitly modelling individual sol-
vent molecules [40], [41], [42]. This makes the PBE
particularly suitable for predicting solvation energies [43],
electrostatic potentials, and pKa shifts [44] in simulations of
large biomolecular systems. However, the PBE has inherent
limitations because it neglects molecular-level solvent struc-
ture, specific ion interactions, and dynamic fluctuations of
water molecules. As a result, it cannot accurately describe
processes that depend on explicit hydrogen bonding, ion
coordination, or highly heterogeneous dielectric environ-
ments, such as membrane systems, strongly confined water,
or short-range solvent-mediated interactions. The accuracy
of PBE decreases for electrolytes containing multivalent or
highly concentrated ions because its mean-field approxima-
tion neglects ion–ion correlations and finite ion size effects.
Under such conditions, strong electrostatic coupling and
specific ion interactions lead to deviations from the ideal-
ized Boltzmann distribution assumed in the model. Despite
these limitations, the PBE remains a powerful and widely
used tool for capturing long-range electrostatic effects in
biomolecular modelling.

5.1.2. Boundary conditions and dielectric interfaces
In continuum electrostatics models such as the PB

framework, biomolecular systems are represented as re-
gions with different dielectric properties. Typically, the
biomolecule is assigned a low dielectric constant εin, while
the surrounding solvent is assigned a higher dielectric con-
stant εout [18]. The surface separating these regions is
known as a dielectric interface.

To obtain physically meaningful electrostatic potentials
as solutions of the underlying differential equations, appro-
priate boundary conditions must be imposed at dielectric
interfaces and at the outer boundaries of the computational
domain. The electrostatic potential ϕ(r) is required to be
continuous across the dielectric interface, which can be
expressed as (17) [45]:

ϕin(r) = ϕout(r), (19)

where ϕin and ϕout denote the electrostatic potentials inside
and outside the biomolecule, respectively.

In addition, the normal component of the electric dis-
placement field must be conserved across the interface. The
electric displacement field D is defined as D = ε∇ϕ, and
the corresponding boundary condition is given by (20) [45]:

εin
∂ϕin

∂n
= εout

∂ϕout

∂n
, (20)

In (20), ∂/∂n denotes the derivative along the direction
normal to the interface.

At the outer boundary of the simulation domain, far
from the biomolecule, the electrostatic potential is typically
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assumed to vanish or approach a reference value. This
condition is expressed as (21) [45]:

ϕ(r) → 0 as |r| → ∞. (21)

These boundary conditions ensure that the electrostatic
potential and electric fields are physically consistent across
regions of different dielectric properties. Accurate treat-
ment of dielectric interfaces is crucial for reliable prediction
of electrostatic potentials, solvation energies, and protona-
tion equilibria in biomolecular systems.

5.1.3. Numerical Solution of PBE with Dielectric Discon-
tinuities

We will now look at the continuum electrostatic model
of a solvated biomolecular system in which the solute region
represents a protein of irregular shape containing a distri-
bution of fixed atomic charges. The interior of the protein
is characterized by a dielectric constant εin, reflecting its
limited polarizability, while the surrounding solvent is mod-
eled as an electrolyte continuum with dielectric constant
εout and mobile ions in thermal equilibrium. The interface
between the solute and solvent is defined by the molecular
surface separating these dielectric regions.

Let ϕ(r) denote the electrostatic potential at position
r. Within the solute region Ωin, the potential satisfies
Poisson’s equation (22).

−∇ · (εin(r)∇ϕ(r)) =
∑
k

qk δ(r− rk), r ∈ Ωin (22)

In (22), qk and rk denote the charge and position of the k-
th atom, respectively, and εin(r) allows for spatial variation
of the dielectric constant within the protein.

In the solvent region Ωout, the electrostatic potential
obeys the nonlinear PBE. The equation for a 1:1 electrolyte
is expressed as (23).

−εout ∇2ϕ(r) + 2en0 sinh

(
e ϕ(r)

kBT

)
= 0, r ∈ Ωout

(23)
In the general case of an electrolyte with multiple ionic
species is written as (24).

−εout ∇2ϕ(r) +
∑
i

zie n
∞
i exp

(
−zie ϕ(r)

kBT

)
= 0, r ∈ Ωout

(24)
In (24), zi is the valency of ionic species i, n∞

i is its bulk
number density. At the solute–solvent interface Γ, the ϕ(r)
satisfies standard dielectric boundary conditions discussed
in section 5.1.2, equations 19, 20 and 21.

The most widely used method for solving this nonlinear
boundary value problem is the finite difference method
(FDM) [46]. In FDM, the entire computational domain is
discretized using a uniform Cartesian grid with spacing h.
The electrostatic potential is represented only at discrete
grid points, denoted by ϕi,j,k = ϕ(xi, yj , zk).

The dielectric constant is represented as a spatially
varying, piecewise constant function,

ε(r) =

{
εin, r ∈ Ωin

εout, r ∈ Ωout
(25)

In (25), ε(r) assigns the solute or solvent dielectric constant
to each grid point based on its location relative to the
biomolecule.

The differential operator −∇ · (ε∇ϕ) is approximated
using finite differences. At each grid point (i, j, k), the
operator is written in terms of the potentials at neighboring
grid points along the three Cartesian directions (26):

−
∑

α=x,y,z

εi+ 1
2α

(ϕi+α − ϕi)− εi− 1
2α

(ϕi − ϕi−α)

h2
(26)

In (26), α labels the Cartesian directions, ϕi±α are po-
tentials at neighboring grid points, εi± 1

2α
are dielectric

constants evaluated at midpoints between grid points, and
h is the uniform grid spacing.

Applying this discretization to the full nonlinear PBE
yields, at each grid point, a general nonlinear algebraic
equation expressed as (27).

−
∑

α=x,y,z

εi+ 1
2α

(ϕi+α − ϕi)− εi− 1
2α

(ϕi − ϕi−α)

h2
+

2en0 sinh

(
eϕi

kBT

)
= ρi,

(27)
In (27), ρi is the charge density mapped onto the grid. ρi at
each grid point is obtained by spreading each atomic charge
over nearby grid points so that the charge is represented
smoothly on the grid. Note that the RHS is non-zero only
in Ωin, while the second term of the LHS is present only
when the grid lies in Ωout.

The resulting coupled nonlinear system is solved iter-
atively, typically using methods such as successive over-
relaxation, multigrid techniques, or Newton-like schemes,
until convergence of the electrostatic potential is achieved
across the grid.

Once the electrostatic potential is obtained, the elec-
trostatic solvation free energy is computed by evaluating
the interaction between the fixed charges and the reaction
potential is written as (28).

GPB
elec =

1

2

∑
j

qj ϕreact(rj), (28)

In (28), ϕreact is the solvent reaction field at the position
of charge qj . Here, the reaction potential ϕreact represents
the component of the electrostatic potential arising from
solvent polarization and ionic screening, excluding the di-
rect Coulomb potential of the fixed charges. In practice,
it is obtained by subtracting the vacuum (or solute-only)
electrostatic potential from the total solution of PBE.

In this formulation, the dielectric boundary conditions
are enforced only approximately through grid-based av-
eraging. Because of its conceptual simplicity, numerical
robustness, and ease of implementation on regular grids,
the finite difference method remains the most widely used
approach for solving PBE and is employed in widely used
PB solvers like APBS [47], [48] and DelPhi.

In addition to FDM, two other important numerical
frameworks are often discussed: the finite element method
(FEM) [49] and the boundary element method (BEM) [50].
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Table 2: Comparison of explicit and implicit solvent models in biomolecular simulations with emphasis on electrostatic interactions.

S.
No.

Aspect Explicit solvent models Implicit solvent models

1. Representation of solvent Solvent molecules and ions represented
as discrete particles

Solvent represented as a continuous di-
electric medium

2. Treatment of electrostatics Direct computation, typically using
PME or Ewald-based methods

Computed using continuum models
such as PB or GB

3. Electrostatic screening Emerges from molecular interactions of
water and ions

Described by an effective dielectric con-
stant

4. Solvent structure and H-
bonding

Explicitly captured at atomic resolution Not represented explicitly

5. Computational cost High due to large number of solvent
particles

Significantly lower

6. Accuracy of biomolecular in-
teractions

High; suitable for detailed studies of
protein–ligand binding, ion effects, and
membrane systems

Moderate; suitable for qualitative
trends

7. Time and length scales ac-
cessible

Limited by computational cost Enables exploration of longer time
scales and larger systems

8. Sensitivity Dependent on ff, water model, and
long-range electrostatics computation
method

Dependent on dielectric constants and
continuum model assumptions

These methods are theoretically powerful and can provide
highly accurate treatments of electrostatics, but they are
generally used less frequently in routine biomolecular simu-
lations because they are more complex to implement and
computationally more demanding.

In FEM [49], PBE is rewritten in a weak or varia-
tional form. The computational domain is divided into
many small elements, typically tetrahedra, and the electro-
static potential is approximated using local basis functions
defined over these elements. This approach allows very
flexible representation of complex molecular geometries
and dielectric boundaries, and it can incorporate adaptive
mesh refinement where higher resolution is needed. Despite
these advantages, FEM is less commonly used in large-scale
biomolecular workflows.

BEM [50] takes a different approach by reformulating
the electrostatic problem entirely in terms of quantities
defined on the interface between the solute and the solvent.
Instead of discretizing the full three-dimensional volume,
only the molecular surface is discretized. The effects of
dielectric mismatch and ionic screening are incorporated
through boundary integral equations that describe surface
polarization charges. While this approach can provide
accurate treatment of interface physics and reduces the
dimensionality of the problem, solving the resulting non-
linear integral equations can be computationally intensive,
which limits its widespread use.

5.2. Generalized Born method
The Generalized Born (GB) model [52], [53] is a widely

used approximation to the PB framework for estimating
electrostatic solvation effects. Instead of solving the PB
equation numerically, the GB method uses analytical for-
mulas to estimate how the solvent screens electrostatic

interactions, making it much faster computationally while
still capturing the main physical effects.

In the GB model, the electrostatic part of the solvation
free energy, which represents the energetic cost of transfer-
ring the molecule from vacuum into solvent, is written as
(29).

∆GGB
elec = −1

2

(
1− 1

ε

)∑
i,j

qiqj
fij

, (29)

In (29), qi and qj are the partial charges on atoms i and j,
and ε is the dielectric constant of the solvent (for example,
about 80 for water). The summation runs over all pairs
of atoms in the molecule. The quantity fij is an effective
distance that accounts for the reduction of electrostatic
interactions due to solvent screening. A commonly used
expression for fij is (30):

fij =

√√√√r2ij + αiαj exp

(
−

r2ij
4αiαj

)
, (30)

In (30). rij is the distance between atoms i and j, and αi

and αj are the Born radii. The Born radius of an atom
measures how buried it is inside the molecule: atoms deep
inside are less exposed to solvent and therefore experience
weaker screening, while atoms near the surface are more
strongly screened.

In this model, the interior of the biomolecule is treated
as a region with low dielectric constant, reflecting limited
ability to polarize, while the surrounding solvent is treated
as a high-dielectric continuum. In practice, the electro-
static contribution computed from the GB model is usually
combined with an additional nonpolar term that accounts
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for effects such as cavity formation and dispersion interac-
tions between the solute and solvent.

The electrostatic solvation energy computed from the
GB (or PB) model is added to the molecular mechanics
energy to obtain the total potential energy of the system.
During simulations, electrostatic component of the forces
on atoms are calculated by taking the gradient of the GB
energy with respect to atomic positions, which captures
how changes in distances between atoms and their exposure
to solvent affect electrostatic screening.

Although implicit solvent models offer substantial com-
putational advantages and are useful for large-scale simula-
tions and rapid energy evaluations, they lack explicit sol-
vent structure and cannot capture specific solvent-mediated
interactions, such as hydrogen bonding or ion coordina-
tion. Consequently, explicit solvent models are generally
preferred for detailed studies of biomolecular interactions,
whereas implicit solvent models are often employed for
qualitative analyses, conformational sampling, and high-
throughput screening. A comparison of the two models is
presented in Table 2

6. Applications of electrostatic modelling in Biol-
ogy

Electrostatic interactions play a central role in biolog-
ical systems because most biomolecules contain charged
or polar groups. In molecular simulations, electrostatic
modelling refers to the computational description of in-
teractions arising from electric charges and dipoles within
and between biomolecules and their surrounding environ-
ment. Such interactions influence molecular recognition,
stability, reactivity, and functional dynamics. Advances
in electrostatic modelling, including Ewald-based methods
and solvent representations, have therefore enabled deeper
insights into a wide range of biological phenomena. Ac-
curate modelling of electrostatics is important to increase
the applicability of MD simulations and other predictive
tools in assessing the molecular nature and energetics of
protein–ligand binding, protein-protein and protein–surface
interaction, enzyme catalysis, and drug docking confor-
mations in protein binding pockets. In the following we
discuss the importance of electrostatic interaction in the
above mentioned phenomena.

6.1. Protein–ligand binding
Protein–ligand binding refers to the process by which

a small molecule (ligand) associates with a protein at a
specific region known as the binding site. Electrostatic
interactions contribute significantly to the binding affinity,
which is the strength of the interaction between the protein
and the ligand.

One important concept in this context is electrostatic
complementarity [54] (see Figure 4). Electrostatic comple-
mentarity describes the matching of charge distributions
between a protein and a ligand, such that regions of posi-
tive electric potential on one molecule align with regions of

Figure 4: (Color online) (Top) Electrostatic potential color
map of the solvent-accessible surface of the protein
Streptavidin (left) and the ligand Biotin (right). Blue indicates
negative electrostatic potential, while red indicates positive
electrostatic potential. (Bottom) Electrostatic complementarity
map showing complementary regions in green and electrostatic
clashes in red for the protein (left) and ligand (right). The
figure illustrates the electrostatic complementarity between the
ligand and its binding pocket on the protein. Note: This
illustration is adapted from [54].

negative electric potential on the other. This complemen-
tarity enhances attractive Coulombic interactions, thereby
stabilising the bound complex.

Another key contribution arises from salt bridges and
hydrogen (H-) bonds. A salt bridge is an interaction be-
tween oppositely charged groups, typically involving a pos-
itively charged amino acid side chain (such as Lys or Arg)
and a negatively charged side chain (such as Asp or Glu).
H-bonds are directional interactions in which a H atom
covalently bound to an electronegative atom (such as O
or N) interacts with another electronegative atom. Both
salt bridges and hydrogen bonds are largely governed by
electrostatic forces and play a crucial role in determining
the specificity and stability of protein–ligand complexes.

6.2. Protein–Protein and Protein–Surface interactions
Electrostatic interactions play a central role in govern-

ing the stability, specificity, and kinetics of protein–protein
interaction in biological and biomedical systems. These
interactions depend on the distribution of charged and po-
lar groups on protein surfaces and their coupling with the
surrounding ionic environment. Electrostatic forces influ-
ence long-range attraction or repulsion, modulate binding
affinities, and determine the orientation and accessibility
of interacting biomolecules.

In protein–protein interactions, electrostatics contributes
significantly to molecular recognition and binding. Proteins
possess heterogeneous surface charge distributions resulting
from ionisable amino acid residues such as Asp, Glu, Lys,
Arg, and His. The net charge and local electrostatic poten-
tial of a protein depend strongly on pH and ionic strength.
At long distances, electrostatic interactions guide proteins
toward favorable orientations, while at short distances they
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modulate binding free energies through salt bridges, hydro-
gen bonds, charge–dipole and cation−π interactions.

A clinically relevant example is the interaction between
therapeutic antibodies in solution [13]. Monoclonal anti-
bodies (mAbs) are widely used in biopharmaceutical for-
mulations, where their stability and aggregation behavior
are strongly influenced by electrostatics. At a given pH,
antibodies exhibit a characteristic net charge determined
by their isoelectric point (pI). When the solution pH
approaches the pI, electrostatic repulsion between anti-
body molecules is reduced, leading to enhanced attractive
interactions and increased propensity for aggregation. Con-
versely, at pH values far from the pI, stronger electrostatic
repulsion stabilizes the solution.

Ionic strength also plays a critical role in modulating
antibody–antibody interaction. Increasing salt concentra-
tion typically screens electrostatic interactions. However,
depending on the protein charge, electrostatic interaction
between proteins can also be enhanced in the presence
of multivalent ionic species [13] (see Figure 5). Multiva-
lent ions can in some situations lead to protein aggrega-
tion by forming bridges between proteins that stabilize
protein-protein dimers (see Figure 5). Understanding such
phenomena is crucial in optimizing therapeutic antibody
formulations to minimize aggregation while maintaining
biological activity.

Protein adsorption onto solid surfaces is a fundamental
process in biomedical devices, drug delivery systems, and
biomaterials. Electrostatics often constitutes the domi-
nant long-range interaction between proteins and surfaces,
determining adsorption kinetics, orientation, and binding
strength. The interaction depends on the surface charge
density, protein charge distribution, and the ionic composi-
tion of the surrounding medium.

A prominent example is the interaction between anti-
bodies and the silica surfaces of syringes used in pharma-
ceutical packaging. Silica surfaces typically bear negatively
charged silanol groups at physiological pH. Antibodies,
depending on their net charge and surface charge hetero-
geneity, can experience electrostatic attraction or repulsion
when approaching silica surfaces. At pH values below the
antibody’s pI, antibodies carry a net positive charge and
are electrostatically attracted to negatively charged silica,
promoting adsorption. At higher pH values, electrostatic
repulsion may reduce adsorption [51], owing to the change
in sign of the protein charge and an increase in the nega-
tive charge of the silica surface, leading to repulsion. The
repulsion may be specifically between certain regions of
the antibodies (like the Fc fragment) and the surface, re-
sulting in a change in adsorption conformation [51] (see
Figure 6). Ionic strength further modulates these interac-
tions by screening surface charges, thereby influencing the
extent and reversibility of antibody adsorption. Such elec-
trostatically driven adsorption can contribute to protein
loss, denaturation, or aggregation in therapeutic formula-
tions.

Electrostatics also plays a crucial role in the interaction
between proteins and externally introduced glass-ceramic
bone implants [55], [56], [57]. Glass ceramics release bi-
ologically relevant ions such as Ca2+, Na+, SiO4−

4 , and
PO3−

4 upon contact with physiological fluids [58]. Ion

release modifies the local electrostatic environment and
surface charge properties, thereby influencing protein ad-
sorption and subsequent cellular responses. The formation
of charged surface layers and ion-enriched interfacial regions
alters the electrostatic potential landscape experienced by
proteins. Local pH changes induced by ion exchange reac-
tions at glass-ceramic surfaces further affect protein binding.
These coupled effects of ion release and pH variation play
a decisive role in determining the adsorption, orientation,
and biological activity of proteins at implant surfaces, ulti-
mately influencing processes such as osteointegration and
tissue regeneration.

6.3. Enzyme catalysis
Enzyme catalysis refers to the acceleration of chemical

reactions by enzymes, which are biological macromolecules,
usually proteins, that lower the activation energy required
for a reaction to occur. Electrostatic interactions within
the enzyme active site, which is the region where the sub-
strate binds and the reaction takes place, are essential for
catalytic efficiency.
Modelling the above mentioned phenomena in MD sim-
ulations requires accurate electrostatic parameters and
calculations.

A major role of electrostatics in enzyme catalysis is the
stabilization of transition states. The transition state is a
high-energy, short-lived molecular configuration that occurs
during the conversion of reactants into products. Electro-
static stabilization occurs when charged or polar groups
in the enzyme active site interact favourably with the de-
veloping charges in the transition state, thereby lowering
its energy [8], [59]. By reducing the energy barrier of the
reaction, electrostatic stabilization significantly enhances
reaction rates.

Computational electrostatic models, such as continuum
electrostatics and explicit solvent simulations, allow the
quantitative estimation of these stabilizing interactions and
provide mechanistic insights into enzymatic function.

6.4. pKa predictions
pKa is a measure of the tendency of an ionisable group

to donate or accept a proton. In proteins, many amino acid
side chains contain ionizable groups whose protonation
states, meaning whether they are protonated (carrying
a hydrogen ion) or deprotonated, depend on their local
electrostatic environment.

Electrostatic modelling is widely used to predict pKa

values of ionizable residues in biomolecules. One common
approach involves calculating titration curves, which de-
scribe how the protonation state of a group changes as a
function of pH. Titration curves are obtained by computing
the free energy difference between protonated and deproto-
nated states under varying environmental conditions [60].

Electrostatics determines protonation states because
the energy required to add or remove a proton depends
on the local electric potential created by nearby charges,
dipoles, and solvent molecules [61]. For example, a posi-
tively charged environment reduces the tendency of a group
towards protonation, whereas a negatively charged envi-
ronment stabilises the protonated form. By accurately
modelling these electrostatic contributions, computational
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Figure 5: (Color online) (A) Effective charge as a function of distance for the Fab and Fc domains of antibody COE-3 with native
charge Znative, in the presence of phosphate and citrate ions at pH values of 6 and 7.2. The variation in effective charge highlights
differences in the electrostatic environment surrounding highly charged (Fab) and weakly charged (Fc) domains. The effective
charge of the Fab fragment approaches zero at short distances, indicating strong electrostatic screening. In contrast, the Fc
fragment exhibits charge inversion under similar ionic conditions, which may result in inter-protein electrostatic repulsion. The
effective charge at a given distance is computed by summing the intrinsic protein surface charge and the charges of all ions within
that distance from the protein surface. (B) Molecular dynamics simulation snapshot showing a phosphate ion bridging two Fab
fragments of antibody COE-3 by simultaneously binding to positively charged arginine (ARG) residues on both protein surfaces.
Note: This illustration is adapted from [13].

Figure 6: (Color online) (A) The middle panel shows the adsorbed conformation of antibody COE-3 on a silica surface at pH = 5.5,
obtained from molecular dynamics simulations, representing the interaction of antibodies with glass storage container surfaces. The
left panel shows neutron reflectivity data for COE-3 on silica at pH = 5.5 fitted using a slab model, providing experimental
validation of the simulated binding conformation. The right panel presents the computed free energy profile as a function of the
distance between the silica surface and the antibody, showing a deep minimum corresponding to the stable adsorbed conformation.
(B) The free energy profile at pH = 9, with inset images showing significant changes in antibody–surface interaction and binding
conformation. This conformational change is primarily electrostatic in origin. As pH increases from 5.5 to 9, the positive charge on
the antibody decreases while the negative charge on the silica surface increases. Notably, the Fc domain (shown in blue) undergoes
a charge transition from positive to negative. Note: This illustration is adapted from [51].

methods can predict shifts in pKa values relative to those
observed in isolated amino acids in solution.

6.5. Drug design and docking
Drug design refers to the rational development of small

molecules that can modulate the function of biological tar-
gets, such as proteins or nucleic acids, in a predictable
manner. Molecular docking is a computational technique
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used to predict the preferred binding orientation and bind-
ing strength of a ligand when it interacts with a target
biomolecule. Electrostatic modelling plays a central role in
both drug design and docking because electrostatic interac-
tions strongly influence molecular recognition and binding
energetics.

In molecular docking, the binding pose of a ligand is
evaluated using scoring functions [62], [63], which are math-
ematical models that estimate the binding free energy of
the protein–ligand complex. The binding free energy is the
thermodynamic quantity that determines the stability of
the bound state relative to the unbound state. Electro-
static contributions to the binding free energy arise from
Coulombic interactions between charged groups, polariza-
tion effects, and solvent-mediated screening.

Electrostatic potentials of biomolecules are often com-
puted to identify favourable regions for ligand binding.
The electrostatic potential is a spatial map of the elec-
tric field generated by a biomolecule, which reflects the
distribution of charges and dipoles. Regions of complemen-
tary electrostatic potential between a ligand and a protein
are frequently associated with high binding affinity and
specificity.

Furthermore, modelling and simulations are used to
evaluate the influence of solvent and ionic strength on drug
binding. Ionic strength refers to the concentration of ions in
solution, which affects the screening of electrostatic interac-
tions. By incorporating explicit or implicit solvent models,
computational docking approaches can more accurately
predict binding modes and affinities [64]. Consequently,
electrostatic modelling has become an indispensable com-
ponent of modern structure-based drug design.

7. Challenges and future directions

Despite significant advances in electrostatic modelling,
several conceptual and computational challenges remain in
accurately describing electrostatic interactions in biomolec-
ular systems. These challenges arise from the inherent
complexity of biological environments, the approximations
used in theoretical models, and the trade-offs between com-
putational efficiency and physical realism.

One major challenge is the ambiguity in assigning di-
electric constants inside proteins. The dielectric constant is
a measure of a material’s ability to screen electric fields. In
continuum electrostatics models, proteins are typically as-
signed a low dielectric constant to represent limited charge
mobility, while solvent regions are assigned higher values.
However, proteins exhibit heterogeneous internal environ-
ments, including polar, nonpolar, and flexible regions, mak-
ing it difficult to define a single physically meaningful
dielectric constant. This uncertainty can significantly influ-
ence calculated electrostatic potentials, solvation energies,
and pKa values.

Another important limitation is the treatment of polar-
ization effects. Polarization refers to the redistribution of
electronic charge in response to an external electric field.
Most conventional biomolecular ff s are non-polarizable,
meaning that atomic charges are fixed and do not respond
dynamically to their electrostatic environment. This ap-
proximation neglects many-body effects and limits the

accuracy of electrostatic interactions, particularly in highly
charged or heterogeneous environments. To address this
limitation, polarizable ff s [65] have been developed. Ex-
amples include the AMOEBA ff [66], which incorporates
atomic multipoles and induced dipoles, the Drude oscillator
model [67], which represents electronic polarization using
auxiliary particles attached to atoms, and the CHARMM
polarizable ff [68], which extends classical CHARMM po-
tentials to include explicit polarization effects. These ap-
proaches provide a more realistic description of electrostat-
ics but at increased computational cost.

A further limitation of traditional molecular dynam-
ics simulations is the treatment of protonation states as
fixed quantities. In standard simulations, ionisable groups
are assigned static protonation states based on predefined
pKa values, ignoring the dynamic coupling between electro-
statics and protonation. Constant-pH molecular dynamics
(CpHMD) [69] simulations address this limitation by al-
lowing protonation states of ionisable residues to change
dynamically during the simulation in response to the local
electrostatic environment and solution pH. In CpHMD,
protonation equilibria are sampled alongside conforma-
tional dynamics, providing a more realistic representation
of electrostatic effects in biological systems. Advanced im-
plementations of CpHMD are available in major simulation
packages such as AMBER [70], CHARMM [70], and GRO-
MACS [71], and have been successfully applied to proteins,
nucleic acids, and membrane systems.

Multiscale modelling approaches provide a framework
for bridging different levels of physical description. A
prominent example is the quantum mechanics/molecular
mechanics (QM/MM) method, in which a chemically ac-
tive region of a biomolecule is treated using quantum me-
chanics, while the surrounding environment is described
classically. Quantum mechanics refers to a theory that ex-
plicitly describes electronic structure and chemical bonding,
whereas molecular mechanics employs classical ff s to model
atomic interactions. QM/MM methods enable accurate
treatment of electronic effects in enzymatic reactions and
charge transfer processes while maintaining computational
feasibility. Widely used QM/MM frameworks include those
implemented in software packages such as Gaussian [72],
ORCA [73], CP2K [74], AMBER [75], and NAMD [76].

Recent developments in machine-learning-enhanced elec-
trostatics offer new opportunities for improving both accu-
racy and efficiency. Machine learning refers to data-driven
computational techniques that learn patterns from large
datasets. In biomolecular electrostatics, machine learning
models have been developed to predict atomic charges, elec-
trostatic potentials, and interaction energies directly from
molecular structures. Notable examples include neural net-
work potentials, graph-based learning models, and deep
learning frameworks integrated with molecular simulations.
Tools such as DeepMD [77], ANI [78], SchNet [79], and
equivariant neural networks have demonstrated promising
performance in reproducing quantum-level electrostatic
properties with significantly reduced computational cost.

In addition to these developments, several advanced
computational tools have been created to improve the treat-
ment of electrostatics in biomolecular systems. Examples
include adaptive resolution simulation methods, which com-
bine regions of different levels of resolution within a single
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simulation, enhanced sampling techniques such as metady-
namics and replica-exchange molecular dynamics, which
improve the exploration of electrostatically relevant confor-
mational states, and hybrid continuum–atomistic models
that couple PB solvers with MD simulations.

A persistent issue in electrostatic modelling is the trade-
off between computational speed and physical accuracy.
Highly accurate methods, such as explicit solvent simula-
tions with polarizable ff s, constant-pH dynamics, or quan-
tum mechanical treatments, are computationally expensive,
whereas faster methods, such as implicit solvent models
or simplified electrostatic approximations, sacrifice molec-
ular detail. Achieving an optimal balance between speed
and accuracy remains a central challenge in computational
biophysics.
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