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Abstract 

Molecular dynamics (MD) simulation is a fundamental technique for resolving biomolecular 
structures and functions at atomic resolution. Accelerated by GPU computing and machine learning-
integrated force fields (FF), modern MD simulation facilitates the study of large-scale systems and 
rare biological events, such as protein folding, allosteric transitions etc. While advanced sampling 
methods and AI integration have significantly enhanced efficiency in drug discovery and protein 
engineering, the field still faces challenges regarding FF accuracy, timescale constraints, and quantum 
effects. Continued development of hybrid quantum and molecular mechanics methods and 
standardized workflows is essential to further improve the predictive power and reproducibility of 
MD in biotechnological research. In this review, we attempted to provide the latest developments in 
the MD simulations. 

Keywords: MD simulation; force fields; periodic boundary conditions; protein dynamics; 
computational biophysics 
 

1. Introduction 

In biological molecules, the atoms are always moving. They will never reach or remain at a low 
energy level. The dynamics of atoms determine how biomolecules work. Numerous proteins and 
enzymes change their shape in order to perform their functions. Consequently, the entire process 
cannot be explained by a static image. Additionally, complicated processes like protein folding, 
ligand interactions, protein-protein interactions (PPIs), etc., cannot be fully comprehended by 
experimental data alone [1–3]. The majority of proteins interact with other proteins to carry out their 
tasks [4–6]. Protein functions should therefore be characterized in relation to their interacting 
partners. Actually, PPIs are a crucial target for drug discovery since they are universal biological 
processes [3,7]. PPIs are characterized using a variety of methods, including far-western blot analysis, 
pull-down testing, crosslinking, label transfer, and co-immunoprecipitation (co-IP). Biophysical 
techniques such as co-IP and pull-down experiments make it simple to isolate stable interacting 
proteins. But to stabilize the connecting proteins, weak or fleeting connections must be crosslinked 
[8]. To characterize the interactions between proteins, a variety of methods are often needed. 
Therefore, unless a complicated structure is determined, experimental characterization of PPIs is 
expensive, time-consuming, and does not provide molecular details. 

MD simulation is a computer-based simulation method that examines the physical motions of 
atoms within molecules by numerically solving Newton’s equations of motion. The roles of molecules 
in their natural environments are expressed by these atomic motions [9]. As a result, MD simulation 
documents biomolecular processes by accurately simulating what atoms do in real life at 
femtoseconds (fs, 10-15 s). One may determine the forces applied to each atom by every other atom 
in a biomolecular system (such as a protein encircled by water), given the locations of every atom 
(Figure 1A and 1B) [10]. After determining each atom’s starting position and velocity, it computes 
the forces operating on each atom. A “movie” of the system’s trajectory is produced by repeatedly 
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using these forces to forecast the next position and velocity in tiny time steps (Figure 1A). The forces 
acting on atoms in MD simulations are obtained from molecular mechanics FFs, which are verified 
against pertinent experimental data and parameterized using quantum mechanical computations 
[11]. The most costly component of MD simulations is usually force computation. The Boltzmann 
distribution—that is, the likelihood of seeing a specific atom as a function of potential energy—is 
sampled by the simulation. Every atom in a typical simulation system is seen as a charged sphere. It 
is believed that the covalent connections that join atoms act as a spring [10]. 

 

Figure 1. MD simulation algorithm. A) MD simulation begins with the initialization step. In this step, the 
position and velocity of each atom are calculated, and force field parameters are computed. The forces acting on 
each atom are then used to predict the next position and velocity in small time steps. These steps are repeated to 
create a “movie” of the system’s trajectory. B) The molecular geometry R is expressed in terms of atomic 
positions. C) The complexity of interatomic interactions in a system. D) Numerical integration methods, e.g., 
finite difference method (FDM), are employed to approximate the motion of atoms over time. The integration 
can be divided into many small finite time steps δt. The time step should be small enough to accurately describe 
the process of interest. 

In 1957, the first MD simulation for gases was carried out (Alder and Wainwright, 1957). But in 
the late 1970s, the first protein MD simulation was carried out [12]. Since its beginnings, MD has 
evolved into a significant and popular technique that enables researchers to describe the intricate 
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microscopic dynamical behaviour of a wide range of systems, including gases, liquids, solids, 
surfaces, and clusters [13] For scientists working in biology, physics, and chemistry, it is now an 
essential tool. Because MD simulations may access temporal and length scales of microseconds and 
nanometers, they are able to overcome experimental limitations. For example, the discovery of 
particular molecular interactions and understanding of how proteins undergo structural changes due 
to binding are made possible by the comprehensive atomistic depiction and dynamic behaviour 
inherent in MD simulations. Therefore, biological responses to different alterations, such as mutation, 
phosphorylation, protonation, or contact with other molecules/materials, can be predicted using MD 
simulations [10]. 

For the study of the dynamics and temporal evolution of molecular systems, MD is a 
fundamental technique in computational design and molecular modelling. Since MD simulations 
were the first technique to be effectively transferred to the graphical processing unit (GPU) 
architecture, they have benefited greatly from the rapid increase in computational capacity that has 
characterized the past decades of computational research [14]. Researchers can now model processes 
even on the microsecond time scale thanks to the use of GPUs, which increases the possible length of 
MD simulations. 

2. Theory 

Newton’s laws describe how forces affect atoms’ movements. The force applied to every atom 
by every other atom is computed during simulation (Figure 1B). The spatial positions of individual 
atoms as a function of time are then predicted using Newton’s classical law of motion. The second-
order differential equations that Newton’s second law expresses are resolved to achieve this: 𝑓௜ሺ𝑡ሻ = 𝑚௜𝑎௜ሺ𝑡ሻ (1)

Where fi(t) is the net force acting on the ith atom of the system at time t, ai(t) is the corresponding 
acceleration, and mi is the mass of the ith atom [10]. Therefore, by integrating Newton’s equations, 
many configurations of the evolving system are generated. As a result, the trajectory that is produced 
is a three-dimensional film that shows how each atom in the system is configured at each point during 
the simulation period. Since analytical solutions to the intricate interactions among many particles 
are typically unattainable, atomic motion in simulations is integrated using numerical techniques. 
The nuclear forces in MD simulations cover a wide variety of characteristic time scales. Even slowly 
changing force components must be integrated at the tiny intervals needed by the quickest motions 
in a typical MD simulation with a fixed time step, even if these slower forces might theoretically be 
precisely calculated at larger time discretization [14]. 

Solving the equations of motion for every atom is a difficult aspect of MD modelling (Figure 1B 
and 1C). The molecular geometry R of a molecule with N atoms at any given time t can be written as 
follows in terms of atomic positions: 𝑅 = (𝑟ଵ, 𝑟ଶ, … … . . , 𝑟ே) 

Where r1, r2,…,rN are atomic positions as shown in Figure 1B. 
However, acceleration is a second-order derivative of the position r with respect to time t. 

Therefore, for each atom, the second law can be written as: 𝑓௜(𝑡ሻ = 𝑚௜𝑎௜(𝑡ሻ = 𝑚௜ 𝜕ଶ𝑟௜𝜕𝑡ଶ  (2)

Furthermore, the conservative forces acting on each atom are equal to the negative gradient of 
the potential energy 𝑉, and can be expressed mathematically as: 𝐹௜ = −𝜕𝑉𝜕𝑟௜ (3)
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Therefore, equation [1] becomes: 𝑓௜(𝑡ሻ = 𝑚௜𝑎௜(𝑡ሻ = −𝜕𝑉𝜕𝑟௜ = 𝑚௜ 𝜕ଶ𝑟௜𝜕𝑡ଶ  (4)

The complex nature of interatomic interactions makes an analytical solution to this equation 
impractical for molecules with more than two atoms (Figure 1B). Consequently, the mobility of atoms 
over time is approximated using numerical integration techniques, such as the finite difference 
approach. 

3. Finite Difference Method (FDM) 

FDM is a class of numerical methods that approximate derivatives using finite differences in 
order to solve differential equations (Figure 1D). Numerous tiny, finite time increments δt can be 
used to break up the integration. For the process of interest to be adequately described, the time step 
should be sufficiently tiny. A decent δt should be in the order of femtoseconds because molecular 
motions occur in the range of 10−14 s. It is advisable to use a time step that is less than the model 
system’s fastest time step. For atomistic simulations, 1-2 fs is typically utilized [10]. 

At each simulation step, all 𝑁 equations of motion are solved simultaneously to determine the 
forces acting on each atom (𝐹ଵ,𝐹ଶ, … ,𝐹ே) at a given time 𝑡. The potential energy’s negative gradient, 
which is computed using preset FFs, yields the force acting on each atom. After the forces are known, 
each atom’s acceleration can be calculated as follows: 𝑎௜ = 𝐹௜𝑚௜ = − 𝜕𝑉𝑚௜𝜕𝑟௜ (5)

We can predict the position and velocity at the time step based on the molecule’s position, 
acceleration, and velocity at time t. To create a trajectory that shows a particle’s locations and 
velocities over time, this process is repeated numerous times (Figure 1A). Therefore, the final 
trajectory is not continuous but a series of configurations at each discrete time step (δt). 

4. MD Simulation Algorithm Steps 

1) The initial conditions, including the positions (𝑟௜) and velocities (𝑣௜) of all atoms, are defined 
at a specific time 𝑡. For systems derived from experimentally solved structures, atomic positions can 
be directly obtained from the crystallographic data available in PDB files. In contrast, for disordered 
systems, atomic positions can either be generated randomly or constructed as an ordered structure 
that is subsequently melted. The initial velocities of particles are typically assigned according to a 
Maxwell–Boltzmann distribution corresponding to the desired temperature, followed by adjustments 
to ensure zero total angular momentum and centre-of-mass velocity for the entire system. The 
potential energy (𝑉) arising from interatomic interactions is then computed using FFs Equation 12 
(described below). 

2) The forces acting on each atom are derived from the potential energy function (𝑉). This step 
is the most computationally demanding, as it requires evaluating complex interatomic interactions 
governed by numerous parameters. The force on each atom is expressed as: F୧ = − ∂V∂r୧ 

3) Newton’s equation of motion is solved to find the positions of atoms in the next step (t+δt). a୧ = F୧m୧ 
The above process is iterated for as many steps as needed. In each step, the initial configuration 

is updated with the new one (Figure 1A). 
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4.1. The Verlet Algorithm 

After computing the accelerations, the Verlet algorithm is employed as a widely used numerical 
method to integrate Newton’s equations of motion [15]. It updates the positions of atoms over time 
using their current positions and accelerations, offering a stable and accurate approach for simulating 
atomic trajectories. The position and other dynamical properties of a molecule at time 𝑡 + 𝛿𝑡can be 
approximated using a Taylor series expansion around time 𝑡. 𝑟(𝑡 + 𝛿𝑡ሻ = 𝑟(𝑡ሻ + 𝛿𝑡𝑣(𝑡ሻ + 12 𝛿𝑡ଶ𝑎(𝑡ሻ + 16 𝛿𝑡ଷ𝑏(𝑡ሻ + ⋯ 

𝑣(𝑡 + 𝛿𝑡ሻ = 𝑣(𝑡ሻ + 𝛿𝑡𝑎(𝑡ሻ + 12 𝛿𝑡ଶ𝑏(𝑡ሻ + ⋯ 

𝑎(𝑡 + 𝛿𝑡ሻ = 𝑎(𝑡ሻ + 𝛿𝑡𝑏(𝑡ሻ + ⋯ 

where v is the velocity, a is the acceleration, b is the third derivative of the position with respect to 
time, and so on. This approximation gets better when the δt is smaller (Figure 1D). 

The Verlet algorithm utilises the current positions 𝑟(𝑡)and accelerations 𝑎(𝑡), along with the 
positions from the previous time step 𝑟(𝑡 − 𝛿𝑡), to predict the positions at the next step 𝑟(𝑡 + 𝛿𝑡). 
The algorithm is derived by expressing the equations of motion for both past and future positions as 
follows: 𝑟(𝑡 + 𝛿𝑡) = 𝑟(𝑡) + 𝛿𝑡𝑣(𝑡) + 12 𝛿𝑡ଶ𝑎(𝑡) + ⋯ 

𝑟(𝑡 − 𝛿𝑡) = 𝑟(𝑡) − 𝛿𝑡𝑣(𝑡) + 12 𝛿𝑡ଶ𝑎(𝑡) + ⋯ 

Adding these together: 𝑟(𝑡 + 𝛿𝑡) + 𝑟(𝑡 − 𝛿𝑡) = 2𝑟(𝑡) + 𝛿𝑡ଶ𝑎(𝑡) + ⋯ 𝑟(𝑡 + 𝛿𝑡) = 2𝑟(𝑡) − 𝑟(𝑡 − 𝛿𝑡) + 𝛿𝑡ଶ𝑎(𝑡) + ⋯ 

This is the basic Verlet algorithm equation. To determine the position of an atom at 𝑟(𝑡 + 𝛿𝑡), 
the positions at 𝑟(𝑡) , 𝑟(𝑡 − 𝛿𝑡) , and the acceleration 𝑎(𝑡)  are required (Figure 2A). However, the 
Verlet algorithm has two main limitations. First, it does not explicitly include the velocity term 𝑣(𝑡). 
Therefore, additional calculations are required for the velocity term. Although velocities are not 
essential for tracing the molecular trajectory, they are required for computing properties such as 
kinetic energy. The velocity can be approximated using the mean value theorem, where 𝑣 = 𝛿𝑟/𝛿𝑡. 𝑣(𝑡) = ሼ𝑟(𝑡 + 𝛿𝑡) − 𝑟(𝑡 − 𝛿𝑡)ሽ2𝛿𝑡  

𝑣(𝑡 + 𝛿𝑡) = ሼ𝑟(𝑡 + 𝛿𝑡) − 𝑟(𝑡)ሽ2𝛿𝑡  

However, this calculation generally leads to large errors. 
The second limitation of the Verlet algorithm is that it requires the position from the previous 

step, making it a non–self-starting algorithm. Consequently, at 𝑡 = 0, the previous position 𝑟(𝑡 − 𝛿𝑡) 
must be estimated through alternative methods. To address these limitations, several modified 
versions of the Verlet algorithm have been developed. Two commonly used variants are discussed 
below. 
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Figure 2. Method to integrate Newton’s equations of motion. A) Basic Verlet algorithm method to integrate 
Newton’s equations of motion. The atomic positions are updated using their current positions 𝑟(𝑡) and 
accelerations 𝑎(𝑡) along with the positions from the previous time step 𝑟(𝑡 − 𝛿𝑡), to predict the positions at the 
next step 𝑟(𝑡 + 𝛿𝑡). The limitations of the Verlet algorithm are addressed by B) Velocity Verlet and C) Leapfrog 
algorithm. D) During the simulation, switching between the Velocity Verlet and Leapfrog integrators is not 
possible because the velocities are defined and stored at different time steps in each method. 

4.2. Velocity Verlet 

The Velocity Verlet algorithm is one of the most widely used integration schemes in MD 
simulations (Figure 2B). It is derived from the Taylor expansions of position and velocity: 𝒓(𝑡 + 𝛿𝑡) = 𝒓(𝑡) + 𝛿𝑡𝒗(𝑡) + 12 𝛿𝑡ଶ𝒂(𝑡) 

𝑣(𝑡 + 𝛿𝑡) = 𝑣(𝑡) + 12 𝛿𝑡ሾ𝑎(𝑡) + 𝑎(𝑡 + 𝛿𝑡)ሿ 
In this approach, the current position 𝑟(𝑡) , velocity 𝑣(𝑡) , and acceleration 𝑎(𝑡) are used to 

compute the molecular motion. First, the new position 𝑟(𝑡 + 𝛿𝑡) is determined from the current 
parameters. The system configuration is then updated, and the resulting acceleration 𝑎(𝑡 + 𝛿𝑡) is 
recalculated from the new forces acting on the atoms. Finally, the updated acceleration is used to 
compute the future velocity 𝑣(𝑡 + 𝛿𝑡) using the equation above (Figure 2B). 

4.3. Leapfrog Algorithm 

The Leapfrog algorithm is another integration method commonly used in MD simulations [16]. 
It is based on updating positions and velocities at staggered time intervals, where velocities are 
evaluated at half-time steps (𝑡 + ଵଶ 𝛿𝑡) relative to positions (Figure 2C). The equations are given by: 𝑟(𝑡 + 𝛿𝑡) = 𝑟(𝑡) + 𝛿𝑡𝑣 ൤𝑡 + 12 𝛿𝑡൨ 
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𝑣 ൬𝑡 + 12 𝛿𝑡൰ = 𝑣 ൬𝑡 − 12 𝛿𝑡൰ + 𝛿𝑡𝑎(𝑡) 

Initially, velocities are computed at 𝑡 + ଵଶ 𝛿𝑡, and these are used to determine the positions at the 
next time step 𝑡 + 𝛿𝑡 . The velocities then “leap” over the positions to the next half-step 𝑡 + ଷଶ 𝛿𝑡 , 
enabling the computation of subsequent positions at 𝑡 + 2𝛿𝑡. This iterative process continues over 
many time steps, producing the molecular trajectory. The name “leapfrog” arises because the 
positions and velocities advance alternately in time, much like two frogs jumping over each other 
(Figure 2C). 

It is not possible to switch between the Velocity Verlet and Leapfrog integrators during a 
simulation because the velocities are defined and stored at different time steps in each method (Figure 
2D). In the Velocity Verlet algorithm, both positions and velocities are evaluated at the same time 
points, whereas in the Leapfrog scheme, velocities are computed at half-time steps between 
successive position updates. Switching integrators mid-simulation would therefore introduce a 
discontinuity, effectively corresponding to reassigning new initial velocities to the system and 
disrupting the continuity of the trajectory (Figure 2D). 

5. Time Steps 

In MD simulation, the atomic motion is discretized into small finite time steps. The total 
simulation time T is the product of the timesteps 𝛿𝑡 and the number of timesteps Nt: 𝑇 = 𝑁௧𝛿𝑡 

Appropriate time step selection is critical for accurately describing molecular motion in MD 
simulations (Figure 1D). The time step depends on the required numerical accuracy and the 
integrating algorithm [14]. It must be small enough to capture the fastest motions within a molecule. 
In biological systems, the fastest motions are represented by the oscillations of the hydrogen atom 
bound to a heavy atom (e.g., carbon). The bond oscillation of a C-H bond occurs ~10 fs (Table 1). 
Therefore, the size of the integration time step should be in the order of ∼fs to capture these motions. 
The default choice is to employ a 1fs long-time step as it provides a reasonably accurate trajectory. 
However, if our interest is not in sampling the fastest bond oscillations, longer time steps can be used 
[17]. Most of the events of biochemical interest, for example, functionally important structural 
changes in proteins, take place on timescales of nanoseconds, microseconds, or longer. A typical 
simulation thus involves millions or billions of time steps [18,19]. 

Table 1. Bond oscillation time of various bonds found in biological molecules. 

S.No. Bonds Vibrations Time (~fs) 
1 X–H bond 10 
2 O–H bond (water, hydroxyl groups)  9–10 
3 N–H bond 10–12 
4 C–H bond 10–15 
5 C–C single bond 30–40 
6 C=C 15–20 
7 C≡C 10–15 
8 C–N / C–O single bond  25–35 
9 Angle-bending motions  40–100 

10 Dihedral (torsional) motions >100  
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6. Algorithms to Constrain the Bond Lengths 

In MD simulations, very short bond vibrations—especially those involving hydrogen atoms—
occur at extremely high frequencies, requiring very small-time steps for accurate integration. To 
overcome this limitation and enable the use of longer time steps (typically 1–2fs), constraint 
algorithms are applied to fix bond lengths or angles during the simulation [20,21]. These algorithms 
ensure that certain internal coordinates remain constant while allowing the rest of the system to 
evolve dynamically according to Newton’s equations of motion [22]. 

6.1. SETTLE 

It is used to constrain the geometry of water molecules, specifically the O-H bond length and H-
O-H bond angle, to rigid values. This constraint helps to improve the efficiency and stability of MD 
simulations, particularly when simulating systems containing water [23]. 

6.2. SHAKE (Shaking Algorithm for Kinetics and Equilibrium) 

It is a computational technique used in MD simulations to enforce constraints, particularly those 
involving bond lengths and angles. It allows for larger time steps in simulations, leading to faster and 
more efficient calculations [24]. 

6.3. LINCS (Linear Constraint Solver) 

It is an algorithm used in MD simulations to enforce constraints on bond lengths and angles 
within a molecule. It is a non-iterative method that efficiently and stably constrains bonds, allowing 
for larger time steps in MD simulations. LINCS is particularly useful for Brownian dynamics 
simulations and is the standard constraint algorithm in GROMACS [25] 

6.4. RATTLE Algorithm 

A velocity-based extension of SHAKE, RATTLE, corrects both positions and velocities to 
maintain constraints throughout the simulation. It is particularly suited for use with the Velocity 
Verlet integration scheme [26]. 

7. Periodic Boundary Conditions (PBCs) 

While it is possible to simulate a system of N particles in a vacuum, studying molecular 
behaviour in bulk solvent requires boundary conditions to more accurately mimic real-world 
environments. The boundary conditions define the interaction of a system with its surroundings at 
the edges or surfaces (Figure 3A). They specify how the system behaves at these boundaries, 
providing essential constraints for solving governing equations and accurately modelling 
phenomena like fluid flow or heat transfer [27]. 

Using rigid or reflective walls introduces artefacts, as a significant fraction of particles interact 
with these boundaries. This fraction is proportional to N-1/3, which, although negligible in 
macroscopic systems, becomes considerable in typical molecular simulations. It becomes 
approximately 0.49 for N = 103. Therefore, unless the simulation specifically focuses on confined 
systems (e.g., liquids in nanopores), it is essential to apply PBCs. 

In PBCs, the simulation box is conceptually surrounded by infinite replicas of itself (Figure 3A). 
Only the N atoms within the central box are explicitly simulated, but when an atom exits the box 
through one side, an identical image atom enters from the opposite side, thereby preserving the 
density and continuity of the simulated bulk environment [28]. 
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Figure 3. Periodic boundary conditions (PBC) and Particle Mesh Ewald (PME) in MD simulations. A) The 
simulation box is surrounded by infinite replicas of itself, ensuring bulk-like behaviour by allowing atoms 
leaving one side of the box to re-enter from the opposite side, thereby minimizing surface and finite-size effects. 
B) Electrostatic interactions are computed by splitting them into short-range real-space and long-range 
reciprocal-space components, enabling efficient and accurate calculations under periodic boundary conditions. 
C) Different water models used in MD simulations. 

8. Particle Mesh Ewald (PME) 

The PME method is used for computing long-range electrostatic calculations in periodic systems. 
It calculates the total Coulombic interaction using PBC and charge neutrality of the molecular system 
(Figure 3B). It is based on the Ewald summation, a technique that transforms the summation of 
interactions in real space into a summation in Fourier space [29]. This transformation, coupled with 
the use of fast Fourier transforms (FFTs), allows for a significant speedup in calculations compared 
to direct summation. 

The core concept is to split the electrostatic interaction into two parts: a short-range part 
calculated directly in real space and a long-range part calculated in Fourier space, where it is 
represented as a sum of waves (Figure 3B). To enable the use of FFTs, the charge density is 
represented on a discrete grid or mesh in space. By combining real and Fourier space calculations 
with FFTs, PME achieves a computational complexity of O (N log N), where N is the number of 
particles, making it a highly efficient method for simulating systems with many charged particles 
[30]. 

9. Water Models in MD Simulations 

In MD simulations, water models are computational representations of water molecules that 
simplify their interactions, allowing for efficient simulation of water’s behaviour in various systems 
(Figure 3C). These models, which can be rigid or flexible and explicit or implicit, are crucial for 
simulating biological, chemical, and materials systems where water is a key solvent. Several water 
models are commonly used in simulations, each with varying levels of complexity and accuracy [31]. 
Rigid three-point models like SPC, SPC/E, TIP3P, and TIP4P are frequently used due to their 
computational efficiency, while more complex models, like TIP3P-FB, TIP3P-EW, and OPC3, offer 
improved accuracy in specific properties (Table 2 and Figure 3C) [32] 
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Table 2. Description of various water model types used in MD simulation. 

S. No Water 
Model Description Reference 

1 SPC A three-site model with fixed charges on the oxygen and 
hydrogen atoms. [136] 

2 SPC/E An improved version of SPC with refined charges to better 
reproduce water’s properties. [137] 

3 TIP3P Another three-site model with fixed charges and a Lennard-Jones 
interaction.  

[138] 
 

4 TIP4P  An extension of TIP3P, adding a fourth site to represent the 
charge dipole.  

[139] 
 

5 TIP4P-FB  A variant of TIP4P that uses a finite basis for the Lennard-Jones 
interactions. 

[140] 
 

6 TIP4P-EW A variant of TIP4P that uses the Ewald summation method for 
long-range electrostatic interactions. 

[141] 
 

7 OPC3 A more complex model that optimizes the point charges and 
Lennard-Jones parameters for improved accuracy.  

[142] 
 

The choice of water model depends on the specific simulation and desired properties. The 
explicit water models represent individual water molecules and accurately capture hydrogen 
bonding and solvation effects. In contrast, implicit water models treat the solvent as a continuous 
medium using dielectric approximations, which greatly reduces computational cost but lacks 
detailed water–solute interactions [33]. Explicit models are suitable for simulations requiring an 
accurate representation of water’s structure and dynamics, particularly when investigating solute-
water interactions [33]. On the other hand, implicit models are faster and more computationally 
efficient, suitable for simulations where the explicit structure of water is not crucial, such as free 
energy calculations or long-time simulations. Factors which influence water model choice are 1) 
Computational Cost: Explicit models are computationally more expensive than implicit models, 2) 
Desired Properties: Different models excel at reproducing specific properties like density, surface 
tension, and solvation free energies, and 3) System of Interest: For example, simulations of protein-
water interactions might require explicit water models, while simulations of large-scale systems 
might benefit from implicit models [34]. 

10. Force Fields (FFs) 

The forces acting on atoms in a system are calculated using FFs, a collection of empirical energy 
functions and parameters. It is a mathematical statement that explains how a system’s energy 
depends on its particle coordinates. During the simulation, these forces dictate how the atoms move. 
The complicated interactions between atoms are approximated by FFs, which offer a computer 
method of simulating molecular behavior [35–37]. High-level quantum mechanical computations and 
experiments are used to develop the FFs. (I) All-atom, (II) United-Atom, and (III) Coarse-grained FFs 
are used in the design of FFs. Any little atom in the system, including hydrogen, can benefit from all-
atom FFs. For certain big groups, such as the methyl molecule, United-Atom force fields are helpful. 
Lastly, the long-term protein simulation uses the coarse-grained FFs [38]. 

Covalent bonds, angles, dihedrals, van der Waals, and electrostatic potentials are among the 
formulas found in the FFs. Lennard-Jones potentials for van der Waals, periodic functions for bond 
rotations, springs for bond length and angles, and Coulomb’s law for electrostatic interactions are the 
molecular properties represented by FF (Figure 4A) [39]. 
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Figure 4. A) The force field comprises bonded terms, including bond stretching, angle bending, torsional, and 
improper dihedral interactions, while non-bonded interactions are described using Lennard–Jones potentials for 
van der Waals forces and Coulomb’s law for electrostatics. B) FFs have evolved from describing simple 
hydrocarbons to modelling a wide range of organic molecules. C) FFs are classified as classical, polarizable, and 
reactive based on how they treat electronic effects such as polarization. 

The FF mathematical statement is composed of an analytical form of the interatomic potential 
energy, U(r1, r2,..., rN), and a set of parameters that enter this form. The parameters can be obtained 
by a variety of techniques, including ab initio and semi-empirical quantum mechanical calculations 
and fitting to experimental data from neutron, X-ray, and electron diffraction, NMR, infrared, Raman, 
and neutron spectroscopy. The FF replaces the actual potential with a simplified model that works in 
the simulated region. A group of atoms joined by basic elastic (harmonic) forces is what is known as 
a molecule. The mathematical expression for an FF equation is the sum of classical potential energy, 
plus a few more parameters [39,40]. The sum of the intramolecular energies of the constituents and 
the sum of the intermolecular interaction energies between every atom are added to determine the 
potential energy: 
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𝐸(𝑋)ሬሬሬሬሬሬ⃗ = ෍𝐸௔௕ + ෍𝐸௔௜௡௧௔௔ழ௕  (6)

The intramolecular or local energy is made up of bond stretching, angle bending, and improper 
and dihedral torsions. The length of covalent bonds is regulated by a straightforward harmonic 
function that represents bond stretching. Bond stretching intramolecular potential energy concepts 
are explained by: 𝐸௕௢௡ௗ = ෍𝑘௕,௜൫𝑟௜ − 𝑟଴,௜൯ଶ௜  (7)

Experimentally solved structures can yield approximate values for r0. Raman or infrared spectra 
can be used to determine the spring constant (kb). For bond displacements greater than 10% from the 
equilibrium value, however, the harmonic potential is not a reliable approximation. Furthermore, the 
harmonic function suggests that the connection cannot be disrupted, making it impossible to study 
chemical processes. 

A harmonic potential represents angle bending: 𝐸௕௘௡ௗ = ෍𝑘ణ,௜൫𝜗௜ − 𝜗଴,௜൯ଶ௜  (8)

Molecules with more than four atoms require the use of dihedral or torsional terminology. Rigid 
constraints can typically be used to represent high-frequency motions such as bond stretching and 
angle bending, which are frequently not significant in long-timescale simulations. Torsional motions, 
on the other hand, are essential for accurately representing the molecule’s flexibility and are 
comparatively less rigid than bond vibrations [41]. These motions are particularly crucial for 
illustrating significant conformational changes caused by rotations around single bonds. Torsional 
concepts are therefore essential for figuring out the local structure of macromolecules and for 
comprehending the relative stability of their different conformational states [43]. A dihedral potential 
with variable depths of minima can be created by mixing several torsional terms with different n 
values. Usually obtained from ab initio quantum mechanical calculations, the torsional parameters 
are further adjusted using experimental data, such as vibrational spectra or molecule geometries, to 
increase their precision and dependability [44]. A cosine function is typically used to represent 
torsional energy: 𝐸௧௢௥௦௜௢௡ = ෍൛𝑉ଵ,௜ (1 + cos𝜑௜) 2⁄ + 𝑉ଶ,௜ (1 − cos 2𝜑௜) 2⁄௜ + 𝑉ଷ,௜𝑉ଵ,௜ (1 + cos 3𝜑௜) 2⁄ ൟ (9)

At last, to preserve the planarity of certain chemical groups, like sp2 hybridized carbon atoms in 
carbonyl groups or aromatic rings, an extra energy component known as the incorrect torsion term 
is included. This is required since such geometrical constraints are frequently not enforceable by the 
ordinary torsional potential alone. The structural integrity of planar groups is maintained throughout 
the simulation because the incorrect torsion term takes into consideration the energy penalty related 
to out-of-plane deviations. Typical mathematical expressions used to represent the improper torsion 
term are as follows: 𝑈௜௠௣ = ∑ ௞೔೘೛ଶ ሾ1 + cos(2𝜔 − 𝜋)ሿ௜௠௣௥௢௣௘௥௦ , or 

𝑈௜௠௣ = ෍ 𝑘௜௠௣2 (𝜔 − 𝜔଴)ଶ௜௠௣௥௢௣௘௥௦  
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ω is the improper angle corresponding to the deviation from planarity. 
Repulsive and attractive forces combine to create Van der Waals interactions between two 

atoms. Attractive forces result from the interactions between induced dipoles, while repulsive forces 
are caused by the overlap of the electron clouds of both atoms. The force of attraction changes as r−6. 
These interactions are represented by the Lennard-Jones (LJ) potential in conjunction with a few 
“softer” terms to characterize the repulsive portion, such as the exponential function employed in the 
Buckingham potential [43]. Van der Waals forces can act between any two atoms in distinct 
molecules, but they can also act between atoms in the same molecule that are far enough apart [46]. 

Electrostatic interactions are taken into consideration by the FF expression’s last term. One 
popular method is to give nuclei partial atomic charges and use Coulomb’s equation to compute 
electrostatic contributions. Partial charges for tiny molecules can be calculated using atomic 
electronegativities or obtained by fitting to experimental thermodynamic data. Another popular 
technique is to perform ab initio QM calculations and then fit the electrostatic potential to obtain 
partial charges. However, because atomic charges are not directly measurable experimental 
observables, this process creates uncertainty [45]. It is crucial to remember that polarization effects in 
condensed-phase systems are not entirely captured by fixed partial charges. Furthermore, because 
electrostatic interactions are long-range, they need to be taken into account when using cutoff 
methods in simulations. Partial charges are usually only allocated to atomic centres for computational 
efficiency, while there is no fundamental prohibition against removing them from an atom if needed. 
Coulomb and Lennard-Jones interactions represent intermolecular energy terms for atoms separated 
by three or more bonds (Eq. 10). Intermolecular energy also includes the “nonbonded” interactions 
between intermolecular atom pairs (Eq. 11): 𝐸௡௕ = ෍ቄ𝑞௜𝑞௝𝑒ଶ 𝑟௜௝ൗ + 4𝜀௜௝ ቂ൫𝜎௜௝ 𝑟௜௝⁄ ൯ଵଶ − ൫𝜎௜௝ 𝑟௜௝⁄ ൯଺ቃቅ௜ழ௝  (10)

𝐸௔௕ = ෍෍ቄ𝑞௜𝑞௝𝑒ଶ 𝑟௜௝ൗ + 4𝜀௜௝ ቂ൫𝜎௜௝ 𝑟௜௝⁄ ൯ଵଶ − ൫𝜎௜௝ 𝑟௜௝⁄ ൯଺ቃቅఢ௕
௝

ఢ௔
௜  (11)

Therefore, the final FF equation takes the following form- 𝑼 = ∑ ଵଶ 𝑘௕(𝑟 − 𝑟଴)ଶ + ∑ ଵଶ 𝑘௔(𝜃 − 𝜃଴)ଶ + ∑ ௏೙ଶ ሾ1 + 𝑐𝑜𝑠(𝑛∅ − 𝛿)ሿ + ∑ 𝑉௜௠௣ +௜௠௣௥௢௣௘௥௧௢௥௦௜௢௡௔௡௚௟௘௦௕௢௡ௗ௦ ∑ 4𝜖௜௝ ൬ఙ೔ೕభమ௥೔ೕభమ − ఙ೔ೕల௥೔ೕల ൰ + ∑ ௤೔௤ೕ௥೔ೕ௘௟௘௖௅௃     (12

11. Important Force Fields 

The FFs were developed with the advancement of the molecular mechanics (MM) method for 
the prediction of molecular structures, vibrational spectra and enthalpies of small organic molecules 
[46]. Earlier FFs, such as MM2, MM3, and MM4, were developed to study hydrocarbons [47]. 
However, these FFs were later modified to deal with various organic molecules (Figure 4B). 

As the scope of research has advanced, the FFs have been modified to handle increasingly 
complex systems. The Dreiding and universal FFs consist of parameters for all the atoms present in 
the periodic table [48,49]. Other commonly used FFs are CHARMM [50], AMBER [51], GROMOS [52], 
OPLS [53], and COMPASS [54]. CHARMM, AMBER, and GROMOS are often used for biomolecule 
simulations, whereas OPLS and COMPASS are used for condensed matter simulations. Several 
variants of these FFs—CHARMM19, CHARMM22, CHARMM27, GROMOS96, GROMOS45A3, 
GROMOS53A5, GROMOS53A6, AMBER91, AMBER94, AMBER96, AMBER99, AMBER02, etc.—are 
accessible after additional modifications. These modified versions of FFs can handle proteins and 
nucleic acids [55]. 
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FFs are classified as classical, polarizable, and reactive force fields. Classical force fields are 
further divided into three classes based on the complexity of their potential energy functions (Figure 
4C) [56]. Class I FFs consist of the potential energy U term as bond, angle, torsion and LJ and 
electrostatic (ES) interaction (non-bonded, electrostatic and van der Waals). DREIDING, AMBER, 
GAFF and OPLS are examples of Class I FFs [57]. Class II force fields include bond-bond and bond-
angle coupling terms in addition to the Class I potential energy [58]. The examples of class II force 
fields are COMPASS, UFF, MM2, MM3, MM4, CFF (consistent force field) and MMFF (Merck 
molecular force field). Class III FFs account for fluctuating charges or dipoles to include the effects of 
polarization. They are used to model systems where polarization is important, such as biomolecules 
in aqueous environments (Figure 4C). Drude oscillators, AMOEBA, GEM, and pGM are examples of 
polarizable force fields [59,60]. Now, the polarization has been introduced into CHARMM using 
fluctuating charges or the shell model. Similarly, AMBER, OPLS and GROMOS have also been 
extended to include polarization effects. [57,61] 

Reactive FFs are bond order-based force fields that allow for bond breaking and formation 
during the simulation. These are the powerful computational tools for exploring, developing and 
optimizing material properties. They are useful for studying chemical reactions and other processes 
where bond changes occur. ReaxFF is a well-known example of a reactive force field [62,63]. 

12. Accelerating MD Simulations 

Millions to trillions of time steps must be handled by MD simulations. A significant amount of 
processing time is needed at each stage. Every pair of atoms has non-bonded interactions; for 
instance, the number of non-bonded terms in a system with N atoms is proportional to N2 [64]. As 
these forces diminish rapidly with distance, van der Waals interactions between atoms separated by 
a certain distance can be disregarded. However, because electrostatic interactions weaken with 
distance, they cannot be disregarded. Large macromolecule MD simulations used to require a 
supercomputer. But these days, it’s a lot easier to get.  
Powerful simulations may now be run locally because of developments in simulation methods and 
computer hardware, especially graphics processing units (GPUs) [65,66]. GPUs are specialized 
hardware devices that can efficiently and quickly carry out parallel floating-point arithmetic 
operations (Figure 5A). Simulation times can be accelerated by GPUs since they can process data 
more quickly and efficiently than CPUs. By utilizing the GPU’s parallel processing capabilities, MD 
simulations can be substantially accelerated by using a GPU workstation. Using the GPU to compute 
non-bonded interactions (van der Waals and real-space Coulomb forces) and the CPU to compute 
other interactions (PME, bonded interactions, NMR restraint, etc.) can further boost performance [67]. 
This method assures the appropriate use of the CPU’s power. Significant time and money savings 
may arise from this. The benefits of parallelization and accelerators to speed up computing processes 
are features of the current generation of computers. GPUs are perfect for the parallel nature of MD 
calculations since they can handle thousands of threads at once. When combined with several cores, 
the messaging passing interface (MPI) can significantly shorten computation times. Additionally, 
GPUs’ extremely parallel internal architecture makes them effective computing accelerators. Several 
hundred independent processing units (cores), far more than those typically found on CPUs, make 
up GPUs. In contrast to CPUs, each GPU core is built to carry out a large number of tasks—thousands, 
even—known as threads, which carry out extremely basic processes. Because of these factors, GPUs 
are now effectively employed as computational accelerators in both the scientific and gaming 
domains [68]. The MPI and GPU accelerators work with the main simulation applications. Thus, MD 
simulation operations have been significantly accelerated using GPU simulation in conjunction with 
MPI (Figure 5A). 
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Figure 5. Accelerating MD simulations. A) Graphics processing units (GPUs) are specialized hardware devices 
that can significantly accelerate MD simulations by leveraging the GPU’s parallel processing capabilities. B) 
Application of MD simulations in protein-protein interactions, protein engineering, drug designing, protein 
designing, and protein folding. 

Compute Unified Device Architecture (CUDA) is a parallel computing platform and 
programming model developed by the NVIDIA Corporation (Santa Clara, California, USA). MD 
simulations are a great fit for GPUs with CUDA support [69]. Quadro and Tesla are two significant 
GPU card families that are built for demanding and extended workloads. The 24 GB of onboard RAM 
is more than other GPUs’ 6–11 GB. These GPUs are more expensive because they include error 
correcting codes (ECC), which call for additional hardware. Nonetheless, the Giga Texel Shader 
eXtreme (GTX) card family of gaming GPUs is becoming more and more popular in MD simulations. 
GPUs from the GTX family offer amazing performance at incredibly low costs [70,71]. Thus, people 
can choose their compute cluster based on the MD simulation program, the size and complexity of 
the simulation system, and the available budget. The list of NVIDIA GPUs that are suggested for MD 
simulation is provided below (Table 3): 

Table 3. List of GPUs from NVIDIA used in MD simulations. 

S. No. Graphics Features References  

1 NVIDIA A100 Strong computing capabilities.   
High memory bandwidth.  

[143] 

2 NVIDIA H100 Advanced architecture.  
High performance. 

[144] 
 

3 NVIDIA A40 High-performance computing.  
Perfect for mixed workloads. 

[145] 
 

4 RTX 4090 More advanced architecture.  
Dedicated hardware for real-time tracing.  

[146] 
 

12.1. NVIDIA A100 

Because of its powerful processing power and large memory capacity, the NVIDIA A100, which 
is powered by the NVIDIA Ampere Architecture, is an excellent GPU for MD simulations. It is perfect 
for simulating big biomolecular systems because of its capacity to handle heavy tasks and vast 
datasets. With over 2 TB/s of memory bandwidth, the A100 80GB can handle the biggest models and 
datasets in the world [72,73]. 

12.2. NVIDIA H100 

The H100 is specifically designed for combining FP8 precision, AI, and FP16. It works nicely 
with MD simulation programs like AMBER and GROMACS. It is a suitable option for demanding 
MD workloads due to its sophisticated architecture and high performance. However, it might not be 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 31 March 2026 doi:10.20944/preprints202603.2311.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.2311.v1
http://creativecommons.org/licenses/by/4.0/


 16 of 31 

 

the best option for exclusively MD simulations due to its high cost and more specialized focus on AI 
and FP16/FP8 precision [74]. 

12.3. NVIDIA A40 

The NVIDIA A40 GPU is excellent for high-performance computing and is perfect for virtual 
production, simulation, and ray-traced rendering. It is ideal for mixed workloads, such as extensive 
MD simulations, because of its strong capabilities, which support both visuals and computationally 
demanding activities [75]. 

12.4. RTX 4090 

The primary distinction between GTX and RTX (Ray Tracing Texel eXtreme) cards is that GTX 
cards lack the specialized technology needed for real-time ray tracing, which produces more lifelike 
lighting, reflections, and shadows. Because of its more sophisticated design and dedicated cores for 
high-performance computing, an NVIDIA RTX card is far superior to a GTX card for MD simulations. 
The newest RTX cards offer more processing power and capabilities that significantly speed up the 
intricate calculations needed for MD, whereas prior GTX cards were an option for entry-level 
simulations [76]. The RTX 4090 offers the lowest price per core and per FP32 throughput ratio. For 
MD simulation, the RTX 4090 has excellent performance. Scalability is the RTX 4090’s drawback. 
Scaling requires significant changes like water cooling, a customised chassis, PCIe risers, etc. RTX 
4090 is therefore a viable option for independent researchers who operate locally. 

13. The Popular MD Simulation Programs 

The most widely used MD simulation programs are GROMACS, LAMMPS, AMBER, NAMD, 
and CHARMM. GROMACS and LAMMPS are open source, while AMBER, NAMD, and CHARMM 
are either commercial or have commercial versions [79]. 

GROMACS is a versatile package to perform molecular dynamics, i.e., simulate the Newtonian 
equations of motion for systems with hundreds to millions of particles. GROMACS is a community-
driven and open-source, high-performance software used to simulate biomolecules such as proteins, 
lipids, and nucleic acids. GROMACS is known for its exceptional speed and efficiency, making it one 
of the fastest tools. GROMACS’s unique features include support for a wide range of FFs, built-in 
tools for system setup and analysis, and advanced algorithms for energy conservation and long-range 
interactions [78]. It efficiently handles large biomolecular systems and supports parallel computing 
on CPUs and GPUs [79]. Its versatility and strong community support make it a preferred choice for 
simulations in structural biology, chemistry, and materials science. NVIDIA H100, A40 and T4 can 
be used to run GROMACS. The A40 combines professional graphics with powerful compute 
capabilities. T4 is a cost-effective alternative; the T4 provides excellent energy efficiency and sufficient 
power for most GROMACS workloads [80]. 

LAMMPS (Large-scale Atomic/Molecular Massively Parallel Simulator) is a powerful, open-
source molecular dynamics software developed by Sandia National Laboratories (USA). It is widely 
used in materials science, soft matter physics, and biomolecular simulations [81]. One of its key 
strengths is its modular and extensible architecture, allowing users to easily implement custom 
potentials, FFs, and simulation methods. LAMMPS supports a wide variety of FFs, including classical 
(Lennard-Jones), reactive (ReaxFF), and coarse-grained models. It is designed for massively parallel 
computing using MPI, making it suitable for simulations involving millions of atoms on high-
performance computing platforms. LAMMPS also supports various ensembles (NVE, NVT, NPT), 
flexible boundary conditions, and advanced integration schemes [82]. It can be accelerated using 
GPUs and Kokkos for improved performance, and integrates well with external tools like VMD, 
OVITO, and Python scripting for analysis and visualization [81]. Its versatility and scalability make 
LAMMPS an excellent choice for researchers working on complex simulations in both materials and 
biological systems. 
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AMBER (Assisted Model Building with Energy Refinement) is a widely used MD software suite 
primarily designed to simulate biomolecules. Originally developed at the University of California 
(San Francisco), AMBER is both a set of FFs and a collection of simulation programs, with Sander and 
PMEMD being its core engines. One of AMBER’s unique features is its highly accurate and 
extensively validated FFs, particularly ff14SB, GAFF, and ff19SB, which are well-suited for 
biomolecular simulations [83,84]. It supports free energy calculations, enhanced sampling 
techniques, and QM/MM hybrid simulations, making it a powerful tool for drug discovery and 
enzyme mechanism studies. AMBER is optimized for high-performance computing, with GPU 
acceleration via pmemd. CUDA provides substantial speed-ups for large systems. It also features 
tight integration with preparation and analysis tools like LEaP (for system setup), cpptraj (for 
trajectory analysis), and Antechamber (for small molecule parameterization). Its focus on biological 
relevance, precision, and methodological depth makes AMBER a preferred tool in computational 
structural biology and pharmaceutical research [85]. Both NVIDIA A100 and H100 GPUs are used to 
ensure efficient processing of AMBER workloads. The H100 offers exceptional performance with 
advanced features like NVLink and NVSwitch for efficient GPU communication [88]. 

NAMD (Nanoscale Molecular Dynamics) is a high-performance MD program designed for 
simulating large biomolecular systems with high accuracy and efficiency. Developed by the 
Theoretical and Computational Biophysics Group at the University of Illinois (USA), NAMD is 
especially well-known for its excellent scalability across parallel computing platforms, from desktops 
to supercomputers [87]. One of its unique features is its tight integration with the molecular 
visualization program VMD, which simplifies system setup, simulation monitoring, and data 
analysis. NAMD supports multiple FFs, including CHARMM, AMBER, and OPLS-AA, and provides 
robust implementations for constant pressure and temperature ensembles, free energy perturbation 
(FEP), and replica exchange molecular dynamics (REMD). It also supports hybrid QM/MM 
simulations for studying enzymatic reactions and other complex processes. Additionally, NAMD 
offers efficient GPU acceleration, allowing users to simulate systems with millions of atoms. User-
friendliness, performance, and support for advanced simulation techniques make NAMD a preferred 
tool in structural biology, drug discovery, and membrane protein research (Melo et al., 2018). 
NVIDIA A40’s high memory capacity and robust performance make it ideal for scaling NAMD 
workloads. The L40S is designed for multi-workload acceleration, making it ideal for complex 
NAMD simulations [89] 

CHARMM (Chemistry at HARvard Macromolecular Mechanics) is a versatile and widely used MD 
simulation program developed for modelling and analysing the behaviour of biological 
macromolecules, including proteins, nucleic acids, lipids, and carbohydrates [90,91]. One of its 
defining strengths is its extensive and highly refined FFs (such as CHARMM36), which are 
particularly well-suited for accurate simulations of complex biomolecular systems. CHARMM 
supports a broad range of simulation methods, including energy minimization, molecular dynamics, 
Monte-Carlo simulations, and hybrid QM/MM calculations. A unique feature of CHARMM is its high 
degree of flexibility and scriptability, allowing users to define custom workflows, restraints, and 
algorithms with ease. It also offers specialized tools for solvation, membrane modelling, and ligand 
docking, and is compatible with enhanced sampling techniques such as umbrella sampling, replica 
exchange, and free energy perturbation. Although CHARMM was initially command-line-driven, it 
has evolved to support parallel computing and interfaces with graphical tools like CHARMM-GUI, 
which simplifies system preparation for novices [92,93]. Its scientific rigour, comprehensive 
capabilities, and ongoing development make CHARMM a powerful platform for detailed 
biomolecular simulation studies. 

AI2BMD: An AI-based ab initio biomolecular dynamics system (AI2BMD) that can efficiently 
simulate full-atom large biomolecules with ab initio accuracy [94]. AI2BMD uses a protein 
fragmentation scheme and a machine learning FF to achieve generalizable ab initio accuracy for 
energy and force calculations for various proteins comprising more than 10,000 atoms. It saves several 
orders of magnitude in calculation time as compared to density functional theory. Through many 
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hundreds of nanoseconds of dynamics simulations, AI2BMD proved its capacity to effectively 
investigate the conformational space of proteins and peptides, obtaining precise 3J couplings that 
correspond to nuclear magnetic resonance investigations and illustrating the folding and unfolding 
processes of proteins. Moreover, accurate free-energy calculations for protein folding are made 
possible by AI2BMD, and the projected thermodynamic properties are in good agreement with 
experimental. AI2BMD may be able to detect the dynamic processes of bioactivities, supplement wet-
lab studies, and facilitate biomedical research that is currently unfeasible [94]. 

14. Application of MD simulation 

Protein-protein interactions (PPI): Many protein functions are based on PPIs, and understanding 
the three-dimensional (3D) structures of protein-protein complexes offers the structural, mechanical, 
and dynamical information needed to comprehend these functions (Figure 5B). Numerous groups 
have used simulations to describe PPI interfaces [4,5,22] . MD simulations have been used to examine 
the dynamic involvement of several ions, including water, in the interaction of proteins [95]. 
Additionally, the development of a complex involving two or more binding partners can be tracked. 
MD simulation has been used to decipher the full complex building process of the gating brake (GB) 
peptide and calmodulin (CaM) from T-type ion channels (Figure 6). After separating the CaM and 
GB peptides into non-interacting locations, the simulation was initiated. The two parts approached 
one another, scanned the binding interface, and created a stable complex during the simulation [96]. 

At the protein-protein interface, small, low-frequency interactions can be investigated. Analysis 
of Residue Interaction Networks (RINs) is a method for finding these crucial residues. By combining 
all of the interactions found in the MD-simulated structures, RIN analysis could more effectively 
identify the crucial residues of the binding of RBD and ACE2 [97]. 

Binding interactions are quantified by dissociation constants Kd, while binding and nonbinding 
interactions are characterized by second osmotic virial coefficients B2. B2 is calculated in relation to 
liquid–liquid phase separation in solutions containing proteins and nucleic acids. Implicit solvents 
can be used in Monte Carlo simulations or molecular dynamics to compute B2 [98]. 

Using an MD-based sampling strategy, the association and dissociation of five protein pairs were 
investigated. Instead of lengthy interfacial exploration while the proteins were in contact, the native 
state was attained by dissociation and eventual reassociation near the native interface if the proteins 
made contact far from the native interface [99]. 

Protein folding: Protein folding is still, in many respects, a mystery to be solved despite 
advancements in techniques. Protein and medication design, as well as genetic interpretation, may 
benefit from precise protein folding energetics calculations. A useful method for researching protein 
folding mechanisms is MD simulation (Figure 5B). A better understanding of these intricate biological 
processes has resulted from simulations of protein folding on realistic timeframes made possible by 
advances in computation, sampling approaches like replica-exchange MD, and enhanced FFs. 
Realistic empirical FFs can now be used to mimic the folding of tiny proteins in all-atom detail, thanks 
to programs like Folding@home [100]. The folding time of proteins in explicit solvents, which ranges 
from microseconds to tens of seconds, is the main obstacle [2] As a result, research is limited to tiny 
fast-folding proteins. The energetics (ΔH and ΔCp) of protein folding were computed by calculating 
the energy of the folded and unfolded states at various temperatures [101]. 

The fast-folding WW domain mutants fold in three to five microseconds. A 10-microsecond 
simulation of the Pin1 WW domain was recently produced, starting from a fully unfolded state using 
a specially tailored version of NAMD. Regretfully, the protein in this simulation misfolded into an 
alpha helical state that held steady for most of the route (Freddolino et al., 2008). 

With the explicit solvent model under the AMBER14SB force field, the eight helical proteins 
(2I9M, TC5B, 1WN8, 1V4Z, 1HO2, 1HLL, 2KFE, and 1YYB) were folded into their native structures 
at room temperature using both traditional MD and accelerated molecular dynamics (AMD) from 
the linear structures. Within 40–180 ns, folding took place in AMD simulations. not using 
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conventional MD simulation, but beginning with the linear structures of the eight proteins at 300 K 
[103]. 

 

Figure 6. Protein-protein interactions study using MD simulation. Calmodulin (CaM) and Gating brake (GB) 
peptide from T-type calcium channels were placed apart in non-interacting positions. During the simulation, the 
GB peptides moved towards each other and bound at their natural binding site. 
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The structural characteristics of protein-folding transition states are often mapped using Φ-
values. About half (30 runs) of the sixty MD simulations of the putative transition-state ensemble 
(TSE) conformations of the src SH3 protein were able to reach the folded state. This suggests that Φ-
value analysis can offer insightful information about the transition state’s structural characteristics. 
The study also showed that quick folding requires tight side-chain packing between the distal hairpin 
and the diverging turn. Additionally, interactions between the N- and C-terminal strands are less 
important kinetically than those within the central β-sheet, which is the TSE’s most organized area 
[1] 

Dynamics conformations fall into two general kinds and can occur in many different contexts. 
Protein intrinsic factors are what drive the first category. Higher flexibility, for instance, is produced 
by disordered regions that lack α-helices or β-sheets; transitions between various conformations are 
also made easier by relative rotations or alterations between structural domains. Alternative 
conformations impacted by outside environmental factors fall under the second group. On the one 
hand, interactions with other macromolecules or the binding of tiny ligands can cause various 
conformational states. Conversely, the stability and shape of the protein can be directly impacted by 
variations in environmental parameters, including temperature, pH, and ion concentration. It is 
interesting to note that both internal and external stimuli influence the dynamic conformations of 
proteins. 

Protein design: The large conformational space and the requirement for stability and specificity 
make designing new proteins with desired functionalities extremely difficult (Figure 6B). Proteins 
with specific functionalities can be designed by using MD simulations to investigate the 
conformational flexibility of proteins. The creation of new proteins has been made easier by recent 
developments in artificial intelligence. Protein sequences and structures that satisfy particular 
functional criteria have been produced using generative models, such as diffusion models and 
protein language models [104]. MD simulations are then used to improve these AI-generated designs 
in order to evaluate their dynamics, stability, and functional qualities. MD simulations can be used 
to study three crucial elements of protein function: flexibility, conformational changes, and allosteric 
control. These dynamic elements can be included in the design process to produce proteins with 
improved specificity and usefulness [105]. For de novo decapeptide design, sophisticated 
computational techniques such as genetic algorithms, deep learning algorithms, and reinforcement 
learning were employed. Aggregation propensity and solvent-accessible surface area can be assessed 
using coarse-grained MD simulations [106] 

In order to use the designed protein model, it is crucial to estimate its quality. Information on 
model quality can be obtained using MD simulations. The model quality was evaluated using three 
features generated from MD: root-mean-square deviation (RMSD), the proportion of secondary 
structure, and the fraction of native contacts to the original structure [109]. 

Drug design: Drug design has been guided by the use of deep learning (DL) and MD simulation. 
Drug development also depends on an understanding of the protein-protein/ligand complex’s 
binding energy (Figure 6B). DL and MD simulations can be used to tackle problems in molecular 
docking, drug virtual screening, protein structure and binding prediction, and complex evolution. 
Without sampling the protein conformational rearrangements during ligand binding, MD simulation 
can solve the issues with ligand docking computations [110]. 

Drug design relies heavily on accurate binding affinity prediction. The two most used techniques 
for determining free energies of binding are thermodynamic integration (TI) and free-energy 
perturbation (FEP). Improved sampling techniques have been used to speed up these computations 
because these methods need a large sampling to reach convergence. Furthermore, ML-based 
potentials have been used in MD simulations to enhance the precision and effectiveness of free-
energy computations [109]. 

Protein engineering: Protein engineering is used to create proteins with enhanced properties or to 
display new or desired functions. Experimental procedures need a great deal of time and effort. On 
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the other hand, in silico protein design is a quicker and less expensive option. In protein design, MD 
simulation can be used to precisely model the dynamics of the target protein. 

To determine the appropriate locations for adding new N-glycosylation sites on human beta 
interferon (rhuIFN-β), Samoudi et al. used a computational approach. The anticipated structures’ 
molecular stability and flexibility were assessed using the MD simulation. Human coagulation factor 
hyperglycosylated forms were created using a similar methodology. IV. MD modelling was used to 
identify the novel glycosylation sites [110,111]. 

PEGylation is a widely accepted approach to circumvent the cytotoxicity problem of drug 
molecules. It also improves the solubility and circulation time of the drug molecules. The MD 
simulation was used to assess the interaction between insulin and the different chain lengths of the 
PEG polymer [112]. 

15. Types of Simulation 

The MD simulations are broadly classified as classical MD and ab-initio MD (AIMD). The 
difference lies in how they calculate inter-particle interactions. Classical MD provides information on 
large-scale structural and thermodynamic properties of systems, while ab-initio AIMD yields highly 
accurate, electronic-level details, including chemical reactions and charge transfer, for smaller 
systems and shorter timescales [113]. Classical MD uses simplified FFs, while AIMD solves the 
Schrödinger equation to determine the forces. In essence, classical MD excels at observing the 
collective, long-term behaviour of large systems, while AIMD provides fundamental, highly accurate 
insights into the specific chemical and electronic processes that govern those behaviours at a 
microscopic level. 

Other important variations include coarse-grained MD, which simplifies the system by 
modelling fewer particles, and those based on specific ensembles like NVT or NPT [38,114]. 

Classical Molecular Dynamics (MD): Uses empirical FFs to approximate the potential energy of 
the system. It is computationally less expensive, allowing for larger systems and longer simulation 
times [115,116]. Classical MD simulates the physical movements of atoms and molecules by 
numerically solving Newton’s equations of motion as described above. It provides insight into a 
system’s structure and dynamic evolution by calculating the forces between particles and tracking 
their positions over time, making it a powerful tool for materials science, chemistry, and biology [10]. 
The following type of information can be obtained using Classical MD simulations- 

• Structural dynamics and conformational changes, e.g., insights into protein folding, ligand 
binding, and large-scale motions of biomolecules. 

• Thermodynamic and bulk properties, e.g., calculation of diffusion coefficients, viscosity, 
pressure, temperature, and material properties like elastic moduli and phase transitions. 

• Solvent and ion behaviour, e.g., understanding the dynamics of water molecules and ions 
around solutes. 

• Interaction mechanisms, e.g., elucidation of non-covalent interactions and how mutations or 
ligands affect protein structure and function (though without explicit electronic detail). 

Ab-initio MD (AIMD): Based on Density Functional Theory (DFT), it calculates the forces 
directly from the electronic structure of the atoms, without relying on empirical parameters. This 
provides a more accurate and unbiased characterization of molecular systems, especially where 
electronic effects are critical. However, the high computational cost limits simulations to smaller 
systems (hundreds of atoms) and much shorter timescales (picoseconds). It combines quantum 
mechanics with molecular dynamics to model chemical systems accurately by calculating atomic 
forces “on-the-fly” from first principles [117–119]. This makes AIMD powerful for predicting physical 
and chemical properties with high accuracy. The following information can be obtained from AIMD 
simulations- 

• Direct observation of bond breaking and formation events, which is impossible with standard 
classical MD force fields. 
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• Detailed information on charge distribution, polarization effects, and electronic transitions. 
• Precise structural information, such as accurate bond angles and lengths, and the energy barriers 

along reaction pathways. 
• Ability to incorporate quantum effects of light nuclei (like protons), which are important in 

processes such as proton transfer or tunnelling. 
• Calculation of vibrational spectra (e.g., IR spectra) that can be directly compared to experimental 

results. 

Machine Learning Interatomic Potentials (MLIPs): A newer approach that uses machine learning to 
create highly accurate potential energy functions, combining the accuracy of AIMD with the speed 
of classical MD. MLIPs are advanced computational models that use machine learning to accurately 
predict the energies and forces acting on atoms within a molecular or material system [120,121]. 
Instead of relying on traditional FFs or performing expensive QM calculations, such as DFT for every 
configuration, MLIPs learn the underlying relationship between atomic arrangements and their 
corresponding energies from large datasets generated using high-quality quantum calculations. 
These models use mathematical descriptors—such as symmetry functions, SOAP vectors, or graph-
based representations—to capture the local atomic environment in a way that is independent of 
rotation, translation, and atom order. ML algorithms, including neural networks, Gaussian 
approximation methods, and graph neural networks, are then trained to reproduce the potential 
energy surface (PES) of the system [122,123]. Once trained, MLIPs provide energies and forces with 
near-quantum accuracy but at a speed comparable to classical FFs, enabling MD simulations of 
complex systems over long timescales. Although highly accurate and flexible, these models depend 
heavily on the quality and diversity of the training data and must be carefully validated to ensure 
reliable predictions outside their training domain. 

Coarse-Grained Molecular Dynamics (CG MD): Simplifies the system by modelling groups of atoms 
as single “beads” or particles, reducing the number of degrees of freedom and increasing 
computational efficiency for a large system. CG MD is a simplified form of molecular dynamics in 
which groups of atoms are combined into single interaction units called beads. By reducing atomic 
detail, CG MD dramatically lowers computational cost, allowing simulations of very large 
biomolecular systems—such as membranes, protein assemblies, nucleic acids, and viral particles—
over much longer timescales than all-atom MD can typically achieve. The interactions between these 
coarse-grained beads are described using effective potentials that are parameterized to reproduce 
essential structural, thermodynamic, or dynamical properties of the underlying atomistic system. 
Popular CG models like the MARTINI force field and UNRES provide standardized bead types and 
interaction rules, enabling efficient simulations of processes such as membrane fusion, protein 
folding, aggregation, and self-assembly [38,114]. Although CG MD sacrifices atomic-level detail and 
may not accurately represent fine interactions, it serves as a powerful tool for studying large-scale 
biological phenomena that are otherwise inaccessible to conventional atomistic simulations. 

16. Recent Advancements in MD Simulations 

Enhanced Sampling Techniques: To overcome the limitations of traditional MD, enhanced 
sampling methods have been developed. Techniques such as adaptive sampling, metadynamics, and 
replica exchange molecular dynamics (REMD) enable the exploration of rare events and high-
dimensional free energy landscapes. Adaptive sampling utilizes ML algorithms to identify under-
sampled regions of the conformational space, directing simulations to these areas to improve 
sampling efficiency (Kleiman et al., 2023). Simulated annealing is used to characterize very flexible 
systems. Earlier annealing methods were used for small protein simulations. However, a variant of 
the method called generalized simulated annealing can be employed for bigger macromolecular 
complexes [124,125]. 

ML algorithms have been utilized to enhance sampling in MD simulations. By predicting regions 
of interest in the conformational space, AI can guide simulations to explore these areas more 
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efficiently. This integration allows for a more comprehensive understanding of protein dynamics and 
interactions, leading to more accurate predictions of drug efficacy and protein function [126]. 

Real-Time Feedback in Design: AI-MD integration also enables real-time feedback during the 
design process. As simulations progress, ML models can analyse the data to identify promising 
candidates and suggest modifications. This iterative process accelerates the design cycle and 
improves the quality of the final product [127]. 

Quantum-Level Simulations: The integration of QM with MD simulations holds the potential to 
provide more accurate descriptions of molecular interactions. QM calculations can capture electronic 
effects that classical methods may miss, leading to improved predictions of binding affinities and 
reaction mechanisms [128]. It employs QM principles and quantum computing to model protein 
behaviour with unprecedented accuracy. Due to the immense size and complexity of full protein 
systems, researchers employ fragmentation and hybrid methods to make these simulations 
computationally feasible [129]. 

Multi-Scale Modelling: Multi-scale modelling and simulation is an approach that combines 
multiple models and simulation methods to study complex systems across different spatial and 
temporal scales [130]. Combining MD simulations with other modelling techniques, such as coarse-
grained models and continuum mechanics, allows for the study of larger systems over longer 
timescales. This multi-scale approach provides a more comprehensive understanding of 
biomolecular behaviour and facilitates the design of complex systems, such as drug delivery vehicles 
and synthetic tissues [131]. 

High-Throughput Screening: Advancements in computational power and algorithm efficiency 
enable high-throughput screening of large compound libraries using MD simulations. Coupled with 
ML, this approach allows for the rapid identification of potential drug candidates and accelerates the 
drug discovery process [132]. 

Standardization and Reproducibility: To ensure the reliability and reproducibility of MD 
simulations, there is a growing emphasis on standardizing protocols and benchmarking methods. 
Initiatives aimed at developing standardized workflows and reporting guidelines are essential for 
the consistent application of MD simulations in drug and protein design [133]. 

Once the system reaches a certain level of complexity, molecular simulations will inevitably 
contain inaccuracies [134]. They discovered, using separate tools, that while the anticipated densities 
were quite close, the observations frequently slipped outside of the total statistical uncertainties of 
the various simulations. In order to do TRUE (Transparent, Reproducible, Usable-by-others, and 
Extensible) simulation studies, the Molecular Simulation Design Framework (MoSDeF) workflow 
package was created [135]. 

17. Limitations of MD Simulation 

MD simulation has certain drawbacks, which are covered below - 
FF Dependency: A specific biomolecule system is the focus of each FF. For instance, GROMOS for 

proteins, AMBER for DNA, etc. Only when an appropriate force field is used in accordance with the 
biological samples does MD simulation yield good results. Otherwise, it will impact the outcomes 
[56]. 

Neglect of Electronic Motion: Only the particle’s nuclear motion is taken into account by the 
classical MD; electronic motion and quantum effects are disregarded. Biomolecular MD simulation 
can be performed using classical MD simulation. Nevertheless, chemical processes and ion bonding 
are inappropriate for the traditional MD. For this reason, quantum dynamics methodologies are 
employed, which makes designing the simulation extremely difficult and demands a lot of processing 
power. 

Critical frequencies: The system’s coupled atoms oscillate spontaneously at the crucial frequency. 
At low temperatures, quantum effects are more appropriate for calculating such vibrations than 
classical MD. 
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Time Scale: For stability, MD simulation is run in short time steps (≈ 2 fs or 2×10–15 s). Proteins, 
on the other hand, undergo structural alterations in nanoseconds, microseconds, milliseconds, or 
even longer. It goes without saying that nanosecond to millisecond events require millions to trillions 
of consecutive time steps. Therefore, to fully comprehend the structural changes in proteins, a very 
high processing power is needed. 

Covalent bonds: The majority of the covalent bonds in proteins do not form or break during 
normal function after synthesis. Certain covalent connections do, nevertheless, form and break more 
frequently. For instance, hydrogen can be gained or lost from acidic or basic amino acid residues and 
disulfide linkages between cysteines. It is challenging to account for these occurrences in MD 
simulations. 
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