
Nanoscale

PAPER

Cite this: Nanoscale, 2024, 16, 18014

Received 4th March 2024,
Accepted 23rd August 2024

DOI: 10.1039/d4nr00929k

rsc.li/nanoscale

Harnessing machine learning for efficient large-
scale interatomic potential for sildenafil and
pharmaceuticals containing H, C, N, O, and S†

E. Nikidis, a,b N. Kyriakopoulos,a,b R. Tohid, c K. Kachrimanis b,d and
J. Kioseoglou *a,b

In this study a cutting-edge approach to producing accurate and computationally efficient interatomic

potentials using machine learning algorithms is presented. Specifically, the study focuses on the appli-

cation of Allegro, a novel machine learning algorithm, running on high-performance GPUs for training

potentials. The choice of training parameters plays a pivotal role in the quality of the potential functions.

To enable this methodology, the “Solvated Protein Fragments” dataset, containing nearly 2.7 million

Density Functional Theory (DFT) calculations for many-body intermolecular interactions involving protein

fragments and water molecules, encompassing H, C, N, O, and S elements, is considered as the training

dataset. The project optimizes computational efficiency by reducing the initial dataset size according to

the intended application. To assess the efficacy of the approach, the sildenafil citrate, iso-sildenafil,

aspirin, ibuprofen, mebendazole and urea, representing all five relevant elements, serve as the test bed.

The results of the Allegro-trained potentials demonstrate outstanding performance, benefiting from the com-

bination of an appropriate training dataset and parameter selection. This notably enhanced computational

efficiency when compared to the computationally intensive DFT method aided by GPU acceleration.

Validation of the produced interatomic potentials is achieved through Allegro’s own evaluation mechanism,

yielding exceptional accuracy. Further verification is carried out through LAMMPS molecular dynamics simu-

lations. Structural optimization by energy minimization and NPT Molecular Dynamics simulations are per-

formed for each potential, assessing relaxation processes and energy reduction. Additional structures, including

urea, ammonia, uracil, oxalic acid, and acetic acid, are tested, highlighting the potential’s versatility in describing

systems containing the aforementioned elements. Visualization of the results confirms the scientific accuracy

of each structure’s relaxation. The findings of this study demonstrate strong scaling and the potential for appli-

cations in pharmaceutical research, allowing the exploration of larger molecular structures not previously

amenable to computational analysis at this level of accuracy The success of the machine learning approach

underscores its potential to revolutionize computational solid-state physics.

Introduction

Molecular dynamics (MD) are integral to computational
research across fields such as energy storage and manipu-
lation, nanostructure devices and pharmaceutical industries.
These simulations rely on accurate predictions of the potential

energy and atomic forces to describe the behavior of complex
systems over time scales extending to several nanoseconds. It’s
a technique for simulating the behavior of molecular or crystal-
line systems and it is crucial for understanding the underlying
structure and dynamics.1 It allows for the derivation of kinetic
and thermodynamic properties, particularly in the study of
biologically important macromolecules.2,3 The technique pro-
vides microscopic information, such as atomic positions and
velocities, which can be converted to macroscopic observables
like pressure and temperature.4 Despite the challenge of
dealing with systems involving many bodies, molecular
dynamics calculations have been instrumental in advancing
our understanding of various scientific fields.5,6

In the realm of contemporary scientific investigation, mole-
cular dynamics (MD) simulations have advanced to encompass
a diverse array of length scales, spanning from the microcos-
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mic world of individual atoms to the macroscopic realm of
nanometers. The ability to navigate these extensive spatial and
temporal dimensions is handled by the utilization of conven-
tional interatomic potentials, frequently denoted as force
fields. These established force fields play a pivotal role in pre-
dicting both the energy and classical forces governing atomic
behavior within a given atomic arrangement. Notably, compu-
tations using these established potentials provide compu-
tational efficiency, demonstrating linear scaling with the
number of atoms involved. This computational edge estab-
lishes conventional potentials as an essential element in con-
ducting expansive atomistic simulations. Interatomic poten-
tials play a crucial role in molecular dynamics simulations,
influencing the accuracy and applicability of the results.
Interatomic potentials are crucial for molecular dynamics and
kinetic Monte Carlo7 simulations, but their accuracy is often
limited by the constraints of pairwise force-fields. Empirical
potentials, particularly within the shell model, have shown
success in predicting defect properties and solid properties.8,9

These potentials can be designed to reproduce various pro-
perties, such as elastic properties and defect energies.10,11 The
critical role of interatomic potentials in molecular dynamics
simulations, particularly in accurately representing the behav-
ior of different materials and molecules from simulating radi-
ation damage effects in metals,12 to developing a ‘magnetic’
interatomic potential for simulating magnetic α-iron.13

Mahadevan et al.14 contributes to this discussion by introdu-
cing a dissociative water potential for molecular dynamics
simulations, demonstrating its ability to accurately reproduce
the properties of water.

An additional approach is methods like density functional
theory (DFT), that have high accuracy but only work for small
amount of atoms and short simulations. Classical force fields,
can handle larger systems and longer simulations, without the
previous acuracy of the DFT. Classical force fields, have limit-
ations in accurately simulating complex molecules due to their
crude approximations. Recent advancements have shown
improving their accuracy and general applicability.15

Optimization strategies have been proposed to improve the
description of ion pairing in classical force fields, particularly
for complex polyatomic ions.16

Recent research has made significant strides in addressing
the challenges of accuracy and efficiency in traditional intera-
tomic potentials. A dynamic multiscale molecular dynamics
simulation method that combines classical and machine
learning potentials was implemented,17 achieving both high
accuracy and efficiency. Additionaly Kocabaş et al.18 developed
Gaussian approximation potentials for two-dimensional
materials, demonstrating their accuracy and computational
efficiency. After 2016, the emergence of machine learning
algorithms,19–21 particularly artificial neural networks, offers a
promising solution to the everlasting problem of accuracy
versus computational time. By constructing flexible models for
interatomic potential energy calculation through machine
learning, researchers aim to bridge the gap between high fide-
lity and computational efficiency, enabling the study of large

numbers of atoms over extended time scales, while maintain-
ing accurate dynamics. This advancement represents a pivotal
development in the realm of computational chemistry,
materials science, and biology, promising to overcome the his-
torical trade-off between efficiency and fidelity in simulations.

Machine learning interatomic potentials, often referred to
as MLIPs or ML interatomic potentials, are a class of models
used in computational chemistry to describe the interactions
between atoms in a material. These potentials are developed
using machine learning techniques, particularly neural net-
works, to approximate the potential energy surface of a system.
Machine learning interatomic potentials (MLIPs) offer a more
flexible and data-driven approach to modeling these inter-
actions. These potentials possess a set of defining character-
istics that have become pivotal in contemporary scientific
research. Firstly, they embrace a data-driven approach, meticu-
lously trained on extensive datasets derived from precise
quantum mechanical calculations, like density functional
theory (DFT), allowing the model to comprehend the intricate
relationship between atomic positions and potential energy.
Zuo et al.22 and Deringer et al.23 both highlight the superior
performance of machine learning-based interatomic potentials
in predicting energies and forces, as well as properties such as
elastic constants and phonon dispersion curves. These
models, which are based on local environment descriptors,
have been shown to outperform classical interatomic poten-
tials. These studies collectively underscore the transformative
potential of machine learning in molecular dynamics and its
applications in pharmaceuticals.24,25

MLIPs often leverage neural networks, a subset of machine
learning models, to represent potential energy functions, cap-
turing complex non-linear relationships in the data. Their
notable flexibility enables the encapsulation of a broad spec-
trum of interatomic interactions, accommodating short-range
and long-range forces and adapting to complex chemical
environments. Thanks to their foundation on high-fidelity
reference data, MLIPs have the potential to offer accurate
descriptions of interatomic forces and potential energy sur-
faces, elevating their accuracy beyond traditional force fields.
Furthermore, once trained, MLIPs significantly reduce compu-
tational costs compared to quantum mechanical calculations,
expediting evaluations and enabling longer molecular
dynamics simulations. Recent advancements in the field of
interatomic potentials have seen the development of E(3)-
equivariant graph neural networks, which have shown promise
in achieving both data efficiency and accuracy. Batzner et al.43

introduced Neural Equivariant Interatomic Potentials
(NequIP), a E(3)-equivariant neural network approach that out-
performs existing models with significantly fewer training
data. This was further explored26 and proposed a unified math-
ematical framework that encompasses both NequIP and the
Atomic Cluster Expansion (ACE), shedding light on critical
design choices for achieving high accuracy. Musaelian et al.42

introduced Allegro, a strictly local equivariant deep learning
interatomic potential that achieves excellent accuracy and scal-
ability of parallel computation, outperforming existing deep
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message passing neural networks and transformers. These
studies collectively highlight the potential of E(3)-equivariant
graph neural networks in the development of data-efficient
and accurate interatomic potentials.

The Allegro (or NequIP) machine learning algorithm, out-
performs some other state-of-the-art models in terms of accu-
racy, scalability, and computational efficiency for various com-
pounds. The target compound for this work was sildenafil and
the test molecules (ethanol, malonaldehyde, naphthalene,
paracetamol, salicylic acid, toluene, uracil) addressed in the
publication provided43 by Materials Intelligence Group at
Harvard University, that developed NequIP/Allegro were a good
indication that this model could adequately describe the
atomic interactions needed.

Allegro uses a combination of neural networks and linear
scaling functions to accurately predict molecular energies and
forces, which are crucial for understanding chemical reactions.
For interatomic forces, Allegro shows better performance than
most other methods tested across a range of molecules, out-
performing machine learning models like FCHL19, UNiTE,
GAP, ACE.42 Allegro demonstrates its ability to handle large
molecular systems effectively, achieving good accuracy for
large molecules while other models struggle with similar accu-
racy for such large systems. Also, the potential exported from
this tool is compatible in a comprehensive format from
LAMMPS which by design makes massively parallel thus scal-
able. The training process is performed using the PyTorch
library which utilizes a python class called torch. Tensor, that
enables the model to be operatable on CUDA-enabled NVidia
GPUs. This and the huge boom of resources spent on AI-HPC
infrastructure by the academic community make it also scal-
able. Although the studies do not provide explicit benchmarks
for computational efficiency, Allegro’s ability to achieve good
accuracy and scalability implies that it can perform calcu-
lations more efficiently than some other methods tested.

Their increasing prominence results from their ability to
bridge the divide between the precision of quantum mechani-
cal methods and the computational efficiency of classical force
fields, making them invaluable for researching complex
materials, chemical reactions, and biological systems where
accurate modeling of atomic interactions is paramount. As we
explore the realms of cutting-edge scientific inquiry, the
synergy between machine learning interatomic potentials
(MLIPs) and pharmaceutical nanotechnological strategies
becomes increasingly evident. MLIPs, fueled by the power of
neural networks and E(3)-equivariant graph structures, not
only revolutionize our understanding of atomic interactions
but also bridge the gap between quantum precision and classi-
cal computational efficiency.

Concurrently, pharmaceutical research struggles with the
nuances of drug behavior. Sildenafil for instance, which is a
phosphodiesterase type 5 (PDE5) inhibitor, has been success-
ful in treating conditions such as erectile dysfunction and pul-
monary arterial hypertension.54 However, its pharmacokinetics
(how the body absorbs, distributes, metabolizes, and excretes
the drug) and pharmacodynamics (how the drug affects the

body) are complex, leading to challenges in formulating and
administering it.54 To address these challenges, nanotechnolo-
gical strategies have been proposed. Nanotechnology involves
manipulating materials at the nanoscale to enhance the bio-
availability of silymarin, a compound with potential thera-
peutic benefits for liver and neurodegenerative diseases.

Researchers have proposed nanotechnological strategies to
improve the bioavailability of silymarin, and the suggestion is
that similar strategies could potentially be applied to enhance
the bioavailability of sildenafil as well.27,28 Bioavailability
refers to the proportion of a drug that enters the bloodstream
when introduced into the body and is made available for use
or storage. Enhancing bioavailability is important for improv-
ing the effectiveness of a drug. The existing knowledge on the
synthesis of sildenafil and its analogues provides a foundation
for further research in this area, indicating that there is poten-
tial for the development of new compounds or improved
methods related to sildenafil and its derivatives.

In the context of sildenafil and its pharmacokinetic and
pharmacodynamic complexities, and hopefully for a broader
spectrum of compounds, a good interatomic potential might
be essential. Sildenafil and most pharmaceutical compounds
are complex molecules with various functional groups. The
complexities in sildenafil’s pharmacokinetics mentioned
involve how the drug is absorbed, distributed, metabolized,
and excreted in the body. Sildenafil’s therapeutic effects are
related to its interaction with specific molecular targets. A
reliable interatomic potential can assist in simulating all the
aforementioned processes.

This convergence of computational precision in MLIPs and
the drive to enhance drug efficacy through nanotechnology
sets the stage for a collaborative frontier. The capability of
MLIPs to accurately model atomic interactions find resonance
in the pursuit of improving drug bioavailability and effective-
ness. As we navigate this interdisciplinary terrain, the
exchange of insights between these scientific disciplines holds
the promise of breakthroughs that transcend traditional
boundaries, shaping a future where advancements in one field
catalyze innovation in another.

Of course, MILPs still have their limitations and the drug
industry has special needs. Machine Learning Interatomic
Potentials (MLIPs) may not be stable enough for long simu-
lations, which can be a problem when applying these poten-
tials for pharmaceuticals. Molecular dynamics Simulations
that are performed in increased temperature or for a prolonged
time are not as robust as they should be.29 Also, in general
MLIPs provide decent accuracy at force field computational
cost,30 though achieving the “holy grail” of accuracy of DFT is
still challenging. Additionally, variation in equivariant geo-
metric representations influences the extrapolation behavior of
most MLIPs. The transferability of these neural networks has
been developed with protein dynamics sampling in mind31

but still for all the reasons above the solution to longer MD
simulation is not found yet. Extra challenges can be attributed
relating to data quality, model interpretability, and regulatory
considerations32 also their stability and applicability in captur-
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ing nonlocal charge transfer.33 The final goal of this scientific
field is of course to produce a universal neural network poten-
tial for material research and has been proposed34 but its
stability and accuracy, even promising remains to be
thoroughly investigated.

In conclusion, the primary reasons machine learning
interatomic potentials pose a problem in longer molecular
simulations are their instability and accuracy limitations over
extended timescales. Despite these challenges, ML techniques
have been refined and applied to various stages of drug discov-
ery, with a growing focus on clinical trial design and ana-
lysis.35 These concerns underscore the need for further
research and development to address the challenges and
ensure reliability and effectiveness.

Using the developed machine learning, interatomic poten-
tial has been shown to accurately calculate elastic constants
and melting temperature for various key molecules beyond sil-
denafil. Since the potential is validated from the standpoint of
physics it could enable researchers to predict how subtle modi-
fications in molecular structure influence the pharmacokinetic
and pharmacodynamic properties of drugs. By understanding
interaction strength and stability, new analogues with greater
effectiveness and reduced side effects can be designed. One
example of pharmaceutical compound design application
could be the treatment of pulmonary hypertension in
infants.36 It’s really challenging to create a sildenafil dosing
plan for infants or children. The reason for this is that new-
borns have a different pharmacokinetic profile compared to
adults and we already established potentials like the one devel-
oped could help predict subtle structural modification of
molecules used in drugs.

Nanotechnological strategies, such as nanoparticle-based37

delivery systems, can greatly benefit from our model’s predic-
tions. Optimizing the surface of nanoparticles in order to
enhance loading capacity and release profile of sildenafil can
be achieved with molecular dynamics interactions studies or
stability tests.38 Possible nanotechnological strategies could be
biodegradable nano-in-micro dry powder sildenafil formu-
lations39 or the use of nano encapsulated sildenafil40 for pul-
monary hypertension treatment. The development of bio-
degradable nanoparticle platforms can be advanced by utiliz-
ing interatomic potentials in molecular dynamics simulations
to analyze the interactions between sildenafil molecules and
other formulation components.

The general map of this project consists of various follow-
ing three stages:

1. Creation of a Machine Learning Interatomic Potential.
a. Infrastructure and software requirement
b. Finding the appropriate DFT dataset
c. Fine tuning the dataset
d. Developing molecular dynamics tests for various

molecules
e. Comparing physical properties, elastic constants and

melting temperature.
2. Validation of the model in silico.
3. Validation of the model in vitro.

The first stage has been completed, and we have success-
fully developed the potential and conducted preliminary tests
from a physics standpoint. To further validate our model’s
accuracy, there are plans to simulate the binding of sildenafil
analogues to PDE5 inhibitors and compare these predictions
with experimental binding affinity data. This future work will
enable a direct comparison between in vitro and in silico
results, which will be presented as a standalone publication.

Methods-computational details

The primary objective of this project is to develop an intera-
tomic potential for organic compounds commonly employed
in the pharmaceutical industry. The goal is to achieve accuracy
comparable to density functional theory (DFT) while maintain-
ing a reasonable simulation time frame. Our choice of mole-
cular dynamics software is LAMMPS41 due to its versatility,
scalability, active community support, and open-source nature.
To train a compatible interatomic potential in LAMMPS, we
utilize the Neural Equivariant Interatomic Potential (NequIP).
This framework, originally introduced by Musaelian A. et al. in
their recent publication,42 implements a subcategory of MLIPs
based on atom-centered message-passing neural networks
(MPNNs) with a strong track record of promising results.43,44

MPNNs are specialized neural networks designed for graph-
structured data, where atoms and their connections form a
graph. They facilitate the exchange of information between
neighboring atoms, allowing the network to capture complex
relationships and structural properties within the material.

NequIP’s equivariance ensures that it respects the inherent
symmetries and transformations within the physical system it
models. In the context of E(3)-equivariant MLIP, this means
that the model’s predictions align with the symmetries and
transformations present in three-dimensional space. Simply
put, equivariance signifies that when a molecule undergoes
rotational changes, the corresponding force vectors rotate
accordingly, a key feature enabled by NequIP’s E(3)-equivariant
convolutions. An outstanding characteristic of NequIP is its
exceptional performance, outperforming existing methods
while requiring significantly less training data. This under-
scores the ability of deep neural networks to operate effectively
without the need for extensive training datasets. NequIP uti-
lizes relative position vectors combined with higher-order geo-
metric tensors as features and descriptors, ensuring the
model’s consistency even under rotational transformations.
Convolutional operations are performed within a defined
cutoff distance, enhancing the precision of the analysis.

This novel approach excels in terms of accuracy across
diverse systems, especially when compared to traditional
ML-IP methods. Importantly, NequIP’s data efficiency allows
for effective utilization of limited datasets with minimal refer-
ence calculations, simultaneously competing with kernel-
based methods. The E(3)-equivariant architecture underpin-
ning NequIP substantially enhances its performance by accu-
rately representing tensor properties and symmetry operations,
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maintaining transformational consistency even as coordinates
change.

The “Solvated Protein Fragments” dataset45 probes many-
body intermolecular interactions between “protein fragments”
and water molecules, which are important for the description
of many biologically relevant condensed phase systems.
According to creators46 the dataset encompasses interactions
between “protein fragments” and water molecules, a key
aspect when simulating protein-ligand complexes in compu-
tational chemistry. The term ‘protein fragments’ here typically
refers to portions of proteins or peptides that can be artificially
generated from the full amino acid sequence. This approach is
commonly used for studying interactions involving smaller
segments of biomolecules, which would include both protein
parts and potential ligands such as sildenafil in drug-target
studies which actually was the main target molecule of this
study. Finally, by considering all possible charge states due to
protonation and deprotonation (especially for carboxylic acids
and amines), the dataset ensures that it captures different
ionic forms of molecules which are essential when simulating
pharmacologically active compounds, as these can signifi-
cantly impact their interaction with proteins.

In total, the dataset provides reference energies, forces, and
dipole moments for 2 731 180 structures. The goal from the
beginning was to be competitive in accuracy with more compu-
tationally heavy methods the choice of using the whole protein
fragment dataset was out of the question. There were three
different sub-datasets extracted from this original one. The
first one only containing structures with all the C, N, H, O, S
elements with approximate size 260 mb. This would allow for
a preliminary exploration of the protein fragments and their
interactions. This initial training set was used only as a way of
validating the feasibility of the project producing accurate
results but not adequate enough for the scope of this work.
The second sub-dataset improved accuracy by adding to the
database the two extra types of “building blocks” for mole-
cules, hydroxyl (OH) and methylidyne moieties (CH), increas-
ing the size to 627mb containing 364 935 different molecules.
This data set produced a potential sufficiently accurate in
lattice constant calculation but insufficient of describing the
elastic constants of iso-sildenafil. Finally, the last modification
on the dataset is implemented by adding the carbonyl (CO)
related structures that can be included in available molecules
reaching 1gb in size and 721 662 different molecules. These
additions likely expanded the range of chemical environments
and interactions that the dataset could represent. These
groups are common in organic molecules and would be impor-
tant for modeling a wide range of molecular interactions.

Eventually the best model was trained with a total amount
of 721 662 structures, split into 300 000 for training and 10 000
for validation. The dataset was re-shuffled after each training
epoch. We use three layers, 128 features for both even and odd
irreps and a ‘max ¼ 3. The 2-body latent MLP consists of four
hidden layers of dimensions [128, 256, 512, 1024], using SiLU
nonlinearities on the outputs of the hidden layers. All four
MLPs were initialized according to a uniform distribution of

unit variance. A radial cutoff of 4.5 Å was used on the training
process of the potential.

Each modification seems to be a step towards creating a
more comprehensive and accurate dataset for the project’s
needs, particularly for modeling the behavior of complex mole-
cules like iso-sildenafil and sildenafil. The other compounds
(ibuprofen, c – mebendazole, aspirin and urea) were used as
extra validation compounds, in an effort to broaden the spec-
trum of possible interactions the potential can capture and
validate whether the previous modifications were actually
impactful. The model has been tested on a diverse set of com-
pounds, including sildenafil, iso-sildenafil, aspirin, ibuprofen,
mebendazole, and urea. It was able to accurately predict their
properties, suggesting that our dataset and model cover a sig-
nificant portion of the conformational space and diversity of
molecular interactions. Furthermore, our validation process,
which included Allegro’s own evaluation mechanism and
LAMMPS molecular dynamics simulations, demonstrated the
reliability and applicability of the developed interatomic poten-
tials. This further supports the conclusion that our dataset
and model cover, not completely but a significant portion of
the conformational space and diversity of molecular inter-
actions for sildenafil and related molecules. Although no
different spatial arrangements of the molecules have been
tested, there is a strong indication that our dataset and model
cover a significant portion of the conformational space for
these molecules. It should be acknowledged that further
research could be done to ensure even broader coverage.

The flowchart in Fig. 1 illustrates in a detailed way the iterative
process of training and testing machine learning interatomic
potential. Initially, an original dataset is selected, and sub-data-
sets are created based on specific atoms or molecules. These sub-
datasets undergo training, and the resulting models are deployed
as potentials. The subsequent steps involve evaluating the stabi-
lity of the system through potential energy calculations for the
basic diatomic pairs (H2, S2, N2, O2), followed by relaxation,
specifically iso-sildenafil crystal relaxation and check for stability.
This is where the first checking step happens. If the system is
deemed stable exhibiting sufficient accuracy on the calculation of
the lattice constants, the potential is further tested for elastic con-
stants for all the previously mentioned test pharmaceutical com-
pounds. This is where the second checking step takes place. If
the obtained values are realistic, the process proceeds to calculate
the melting temperature using iso-sildenafil as a model crystal. If
the system calculated a melting temperature with realistic value, a
functional interatomic potential is achieved.

All training process was performed with the Allegro code
available from Materials Intelligence Group, Harvard
University on the projects GitHub repository https://github.
com/mir-group/allegro at the time available under release
v.0.2.0. (currently unavailable). Allegro is not a standalone soft-
ware but a an extension package for the NequIP code available
at https://github.com/mir-group/nequip, the used version is a
user forked version https://github.com/Hongyu-yu/nequip of
the original code, on the para_stress branch, with v.0.6.0.,
under the git commit 6ca00ac. Also, for the training PyTorch
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was used with version 1.11.0+cu113 (cuda enabled), and
Python with v.3.9.18.

The crystal lattice relaxations and elastic constant calcu-
lations and melting temperature calculation were run with the
LAMMPS code available at https://github.com/lammps/
lammps.git under the git commit 6a8ca34 modified pre com-
pilation with the user forked pair_allegro stress branch code
available at https://github.com/Hongyu-yu/pair_allegro, git
commit b20f966.

The elastic constant calculation was performed using one
of the example scripts in LAMMPS repository available at
https://github.com/lammps/lammps/blob/develop/examples/
ELASTIC/in.elastic in the development branch, under the git
commit ae2a7e2.

The Density Functional Theory (DFT) calculations we
perform for the test compound (iso)sildenafil were done using
VASP 6.1.147,48 and the PBE GGA (PAW_PBE S 06Sep2000)
approximation for the exchange-correlation energy. The stan-
dard PAW VASP pseudopotentials were used. The process
required three different steps. The first relaxation of the
sample with ISIF = 3. With ISIF = 3 there is calculation of the
forces and stress tensor. Also, all the possible degrees of
freedom that are allowed to change during the relaxation

process (ionic positions, cell volume, cell shape) are activated
and used. The second relaxation of the sample with ISIF = 1.
Relaxation using forces and only the trace of the stress tensor
and the degrees of freedom that change are only the positions
of the ions. Finally, the stress calculation with ISIF = 3 and
IBRION = 6. The cutoff energy of the plane-wave basis was 500
eV. The partial occupancies were treated using the Gaussian
smearing (ISMEAR = 0) with a width of 0.05 eV. One k point
was used at gamma and the elastic constants were determined
with 0.1 Å deformation.

Finally, Ovito basic 3.8.5 was used to visualize the
molecules.

Results and discussion

Checking the performance of the interatomic potential pro-
duced is relaxing for only a single timestep the basic diatomic
molecules of the atoms that take part in the most usual
pharmaceutical compounds. These molecules are H2, S2, N2,
O2 and on Fig. 2 its visible the expected graph of the “stereoty-
pical” potential with the minimum energy dip. The naturally
occurring bond length is that with minimum energy and

Fig. 1 Flowchart describing the process followed to train and evaluate the potential.
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appears for all four molecules, approximately at the minimum.
These diatomic bonds lengths reported in the bibliography are
O2 = 1.208 Å, N2 = 1.098 Å, S2 = 1.889 Å, H2 = 0.741 Å49 and
compared to the minimum values of the plot (O2 = 1.069 Å, N2

= 1.129 Å, S2 = 2.159 Å, H2 = 0.759 Å) seem comparable.
The potential is evaluated through a series of tests, com-

pared with results from DFT calculation and experimental
determination of certain values like melting temperature,
elastic constants, and potential energy. A series of test mole-
cules have been selected to assess the accuracy and perform-
ance of our methodology, in line with the training dataset
derived from the “Solvated Protein Fragments” dataset. These
test molecules, namely aspirin, (iso)sildenafil, mebendazole,
urea, and ibuprofen, are given in Fig. 3 and represent a diverse
set of chemical compounds with a range of properties and
intermolecular interactions encompassing H, C, N, O, and S
elements. Our objective is to thoroughly evaluate the capabili-
ties of our interatomic potential for chemical compounds con-
taining these specific molecules. The first step before proceed-
ing with calculating anything is always to minimize the poten-
tial energy of all molecules.

However, if the elastic constants are not realistic, indicating
a potential instability, the system goes through a refinement
process. It returns to the original dataset and selects a new
sub-dataset with different criteria, initiating a cycle of improve-
ment. This iterative approach ensures that the machine learn-
ing model is exposed to diverse molecular configurations and
properties, enhancing its adaptability and performance.

The inclusion of multiple sub-datasets with varying sizes
and molecular compositions underscores the refinement
aspect, demonstrating a systematic strategy for addressing
potential limitations and inaccuracies in earlier stages.
Overall, the flowchart represents a comprehensive and
dynamic methodology for developing accurate and versatile
machine learning interatomic potentials.

The first pharmaceutical substance used is acetylsalicylic
acid (ASA) known as Aspirin, a nonsteroidal anti-inflammatory
drug used to reduce pain, fever, and/or inflammation, and as
an anticoagulant. Its chemical formula is C9H8O4.
Acetylsalicylic acid is a member of the class of benzoic acid
derivatives that is salicylic acid in which the hydrogen that is
attached to the phenolic hydroxyl group has been replaced by
an acetoxy group. At room temperature, aspirin crystallizes in a
monoclinic crystal structure (space group P21/c) with four
formula units per unit cell [a = 1.1416 nm, b = 0.6598 nm, c =
1.1483 nm, and β = 95.60°].50 The crystal structure used51

initially had [a = 1.1233 nm, b = 0.6544 nm, c = 1.231 nm, and
β = 95.89°] and after potential energy minimization [a =
1.116 nm, b = 0.734 nm, c = 1.128 nm, and β = 95.89°].

The second substance used is (iso)sildenafil and its chemi-
cal formula is C22H30N6O4S. Sildenafil was the first API struc-
ture rationally developed utilizing computational drug-design
protocols.

The crystal of sildenafil citrate adopts the orthorhombic
system, space group Pbca (61) with unit cell parameters being
[a = 24.002 Å, b = 10.9833 Å, c = 24.363 Å, α = β = γ = 90°, V =
6422.9 Å3 and Z = 8]52 and after potential energy minimization
[a = 24.936 Å, b = 11.562 Å, c = 24.688 Å, α = β = γ = 90°, V =
7118.2 Å3 and Z = 8]. Iso-sildenafil is monoclinic, space group
P21/n (14) with [a = 9.7550 Å, b = 7.6070 Å, c = 32.568 Å, β =
94.741°, V = 2408.5 Å3 and Z = 4]53 and after potential energy
minimization [a = 9.7550 Å, b = 7.6070 Å, c = 32.568 Å, β =
94.741°, V = 2408.5 Å3 and Z = 4]. Sildenafil is a common and
effective treatment for erectile dysfunction, and since its
formal approval for medical use in the public in 1998, con-
tinues to see millions of prescriptions written for it interna-
tionally. Sildenafil Molecular Weight is 474.6 g mol−1.

The third substance we use is Ibuprofen is a monocar-
boxylic acid, that is propionic acid in which one of the hydro-
gens at position 2 is substituted by a 4-(2-methylpropyl) phenyl
group. Its chemical formula is C13H18O2. It has a role as a non-
steroidal anti-inflammatory drug, a non-narcotic analgesic, a
cyclooxygenase 2 inhibitor, a cyclooxygenase 1 inhibitor, an
antipyretic, a xenobiotic, an environmental contaminant, a
radical scavenger, a drug allergen and a geroprotector.
Ibuprofen crystallizes in monoclinic crystal structure, space
group P21/c with cell dimensions being [a = 14.668 Å, b =
7.888 Å, c = 10.727 Å, and β = 99.437°]54 and after potential
energy minimization being [a = 14.979 Å, b = 8.220 Å, c =
10.54 Å, and β = 99.439°].

Furthermore, we used Urea and its formula is H2NCONH2.
Urea has important uses as a fertilizer and feed supplement,
as well as a starting material for the manufacture of plastics
and drugs. Urea crystallizes in the tetragonal crystal group,
P4̄21m (113) with cell dimensions being [a = 5.589 Å, b =
5.589 Å, c = 4.694 Å, α = β = γ = 90°]55 and after potential
energy minimization being [a = 5.968 Å, b = 5.968 Å, c =
4.973 Å, α = β = γ = 90°].

The final substance is Mebendazole C16H13N3O3 that is a
broad-spectrum anthelmintic. Mebendazole (MBZ) presents
three different polymorphs: A, B and C. Form C is more appro-

Fig. 2 Potential Energy scatter plots for diatomic hydrogen (black),
nitrogen (green), oxygen (red), sulfur (blue).
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priate for handling drugs. Regarding the crystal structure of
mebendazole form C, it crystallizes in a triclinic (P1̄) space
group (2), with unit-cell parameters being [a = 5.1480 Å, b =
7.8779 Å, c = 17.907 Å, α = 82.425°, β = 82.743°, γ = 71.091°]56

and after potential energy minimization being [a = 4.997 Å, b =
8.122 Å, c = 18.757 Å, α = 82.716°, β = 82.906°, γ = 71.549°].

There is a list of elastic constants that can be calculated to
benchmark the performance using the algorithm provided by
Sandia National Laboratories, Dr Aidan Thompson published in
the official project GitHub repository and are displayed on
Table 1. The elastic constants are calculated by our Allegro-
trained potential, Dreiding force field57 and by DFT calculations.

Fig. 3 (a) The unit cell of aspirin, (b) of ibuprofen, (c) of iso-sildenafil, (d) of c – mebendazole (e) of sildenafil citrate and (f ) of urea. The atoms are
colored as follows: brown = carbon, red = oxygen, hydrogen = white, yellow = sulfur, blue = nitrogen.
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Shear modulus is extracted using the elasticity matrix D,
defined in terms of bulk modulus K and shear modulus G.

D ¼

K þ 4G
3

K � 2G
3

K � 2G
3

0 0 0

K � 2G
3

K þ 4G
3

K � 2G
3

0 0 0

K � 2G
3

K � 2G
3

K þ 4G
3

0 0 0
0 0 0 G 0 0
0 0 0 0 G 0
0 0 0 0 0 G

2
66666666664

3
77777777775

ð1Þ

The provided LAMMPS algorithm for elastic constants cal-
culation calculates shear modulus with two different formulas.
One using the average value:

ShearM1 ¼ ðc44 þ c55 þ c66Þ
3

ð2Þ

And the second one extracting it from more complex terms
on top left corner of the matrix:

ShearM2 ¼
c11 þ c22 þ c33

3
� c12 þ c13 þ c23

3

� �

2
ð3Þ

Johannes D. Bauer et al.58 determined elastic properties of
acetylsalicylic acid crystals(aspirin) by Resonant Ultrasound
Spectroscopy (RUS), using a home-built device with sample
fixed between two ultrasound transducers with one of the
transducers acting as an ultrasound generator, and the other
one as an ultra-sound detector. Comparison of only the elastic
constant provided by them, can be seen on the graph below
Fig. 4(a) and found in acceptable agreement. In Fig. 4(b) and
(c) the comparison of the calculated elastic constants by MD
using our MLIP for iso sildenafil and sildenafil citrate respect-
ively versus the calculated elastic constant with DFT(current
study by VASP) is presented. It should be noticed that the
elastic constants are in agreement with DFT, especially for the
case of iso sildenafil.

In J. F. Nye book Physical Properties of Crystals: Their
Representation by Tensors and Matrices59 there is a reference
table for all the crystal systems. For the monoclinic (aspirin) it
is indeed that the constants C14, C16, C24, C26, C34, C36,
C45, C56 are zero, the same zero values that are reported in
the experimental Resonant Ultrasound Spectroscopy and the
MD values in Table 1.

Fig. 4 (a) Comparison of the calculated elastic constants for aspirin
with MD using the 1gb trained potential vs. the experimentally calcu-
lated using RUS. (b) Comparison of the calculated elastic constants for
iso-sildenafil with MD using the 1gb trained potential vs. the calculated
elastic constant with DFT. (c) Comparison of the calculated elastic con-
stants for sildenafil citrate with MD using the 1gb trained potential vs.
the calculated elastic constant with DFT.

Table 2 Table containing cell parameters for sildenafil and aspirin

a b c

Sildenafil
Bibliographic 24.002 10.983 24.363
Allegro 24.936 11.562 24.688
Dreiding 26.097 11.942 26.492
Aspirin
Bibliographic 11.416 6.598 11.483
Allegro 11.162 7.340 11.284
Dreiding 11.784 6.865 11.844
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Based on the provided data, comparison with DFT and
experimental data for Aspirin, Allegro appears to be the
superior model for predicting the mechanical properties of
both sildenafil and aspirin. An extra validation for the ade-
quate behavior of the trained potential are the cell parameters
after the potential energy minimization that are given in
Table 2.

The melting temperature can be approximated from the
scatter plot graph Potential energy/temperature. As long as the
increase of potential energy in respect to temperature is linear
this is an indication of crystalline structure. The temperature
at which this linear behavior deviates significantly, showing a
sharp energy jump towards higher energy, is an indication that
the crystalline material has melted, which is also confirmed by
the visualization of the atomic model. Four distinct melting

simulations were performed and the graphs of the potential
energy versus the temperature are presented in Fig. 5
According to Petr Melnikov et al.60 the sildenafil citrate
melting point is 462.55 K (189.4 °C) and the sildenafil base
525.05 K (251.9 °C). The results of the analysis of the simu-
lations are given in Table 3 and average melting temperature is
500.75 ± 30 K (227.6 °C).

Conclusions

This article presents the development of functional intera-
tomic potentials through the successful application of the
Allegro machine learning algorithm. The study leverages the
power of high-performance GPUs and a carefully chosen train-
ing dataset, the “Solvated Protein Fragments”, containing
nearly 2.7 million Density Functional Theory calculations. The
results showcase the exceptional performance of the Allegro-
trained potentials, demonstrating a significant leap in compu-
tational efficiency compared to the computationally intensive
DFT method.

The methodology employed in this study, using the Neural
Equivariant Interatomic Potential (NequIP) framework based
on atom-centered message-passing neural networks, proves to
be effective in achieving accuracy comparable to density func-

Fig. 5 Melting molecular dynamics simulations for iso sildenafil using the Allegro trained potential.

Table 3 Melting point of iso-sildenafil calculated by MD simulations

Case Melting temp

Melting sim 1 516
Melting sim 2 480
Melting sim 3 497
Melting sim 4 510
Average 500.75 ± 30 K
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tional theory while maintaining a feasible simulation time
frame. NequIP’s E(3)-equivariant architecture ensures a con-
sistent representation of tensor properties and symmetry oper-
ations, contributing to its outstanding performance with
minimal training data. The systematic approach to dataset
selection and refinement, illustrated in the flowchart, empha-
sizes the adaptability and performance enhancement of the
machine learning model. The inclusion of multiple sub-
datasets with varying sizes and molecular compositions
addresses potential limitations and inaccuracies, resulting in
a comprehensive and dynamic methodology for developing
accurate and versatile machine learning interatomic poten-
tials. The extensive validation process, including compari-
sons with DFT calculations, experimental measurements of
melting temperature, elastic constants, and potential energy,
demonstrates the reliability and applicability of the devel-
oped interatomic potentials. The tested pharmaceutical
molecules, sildenafil citrate, iso-sildenafil, aspirin, mebenda-
zole, urea, and ibuprofen, represent a diverse set of com-
pounds, and the results showcase the model’s capability to
accurately describe their properties and interactions even in
complex molecules. The success of this machine learning
approach underscores its potential to revolutionize compu-
tational condensed matter physics, particularly in the field
of pharmaceutical research. The ability to explore larger
molecular structures with increased efficiency opens new
possibilities for studying complex materials, chemical reac-
tions, and biological systems. Overall, this research marks a
significant step towards overcoming the historical trade-off
between simulation time and accuracy, paving the way for
future advancements in the application of machine learning
interatomic potentials in various scientific domains.

Data availability

The DFT sub-datasets utilized in this study, comprising
different atom types, have been thoughtfully compiled to
support the rigorous training and testing of our machine
learning interatomic potential. In the interest of transparency
and collaboration, we have deposited our datasets in a dedi-
cated repository. Researchers interested in exploring the
nuances of interatomic potentials, can freely access our data-
sets for further investigation. The modified dataset is openly
available61 providing a straightforward resource for advancing
the understanding and application of machine learning intera-
tomic potentials across various molecular systems used by the
pharmaceutics industry. Also, the final deployed interatomic
potential is also openly available.62 The final potential is avail-
able for download through zenodo and the link to download is
https://doi.org/10.5281/ZENODO.10465906.
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