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Today, machine learning (ML) and crystal structure prediction (CSP) are principal tools in computational
materials discovery. In this study, CSP of the pharmaceutical compound avadomide is presented, utilizing a
workflow that combines the evolutionary algorithm USPEX, machine learning potentials in moment tensor
potential (MTP) formulation, and crystal engineering concepts. Our study begins with the optimization of
stable molecular conformations of avadomide using DFT, followed by the generation of likely crystal
structures with the evolutionary algorithm USPEX. The optimization and ranking of structures based on ML
potentials—trained on the subset of DFT data—were further refined through iterative improvements via
active learning. The ML potentials employed in this study are currently constrained to local atomic
environments and primarily captured short-range interatomic interactions. To address this limitation, the
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top-ranked structures were analyzed using crystal engineering concepts and found to contain synthons
similar to those in experimental structures of related compounds in the CSD database. Using the synthon
approach, two potential crystal structures were proposed for avadomide.
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Introduction CSP can be divided into two main steps: first, a

Machine learning (ML), a branch of artificial intelligence, is a
powerful approach for creating various types of models
through intelligent data analysis." In recent years, ML has
rapidly evolved into an effective tool across various scientific
fields,> including medical diagnostics,® particle physics,*
bioinformatics,” nano science, and materials discovery.”
Today, some computational approaches in materials science
require enormous resources and time.® Unlike traditional
approaches such as density functional theory (DFT), which
rely on fundamental quantum-mechanical principles to
model the behavior of electrons within a system, ML works
on a different idea.® ML learns from previous data to improve
algorithms, manage situations, and extract
meaningful insights from vast datasets."’

As computational methods in materials science have
developed, the integration of ML with crystal structure
prediction (CSP) has significantly improved the efficiency of
CSP.'™'?> CSP aims to predict stable crystal structures of a
substance based solely on its composition or chemical
structure diagram prior to any experimental synthesis."*'*
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comprehensive search to find all promising crystal structures;
second, selecting and ranking likely structures based on
thermodynamic stability and probability of observation.'”"®
In the early stages of CSP development, it was assumed that
the most stable structure corresponded to the experimental

one.””'  While a predicted structure may be
thermodynamically favorable, its synthesis in the laboratory
may be challenging or even impossible."*?° During

crystallization, various kinetic factors intervene, leading to
diverse often metastable molecular packing
arrangements.”"** Accessing direct information about kinetic
factors poses a significant challenge. However, crystal
engineering offers techniques to indirectly access and utilize
this crucial information.>>®® Crystal engineering involves
designing synthesizable polymorphs of molecular materials
with desired properties by using frequently observed and
energetically favorable intermolecular interactions known as
synthons.””?° Synthons are structural units in a crystal that
reflect both thermodynamic and kinetic properties. Synthons
can be extracted from the experimental structures in the
Cambridge Structural Database (CSD).***"

Integration of crystal engineering and CSP provides
valuable insights into crystal structures, but predicting and
identifying the structures of pharmaceutical compounds
remains a significant challenge.®®> As drug synthesis and
design techniques have advanced in the pharmaceutical
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industry, the risks associated with designing and producing
new solid forms persist. A notable example is ritonavir, for
which the unexpected appearance of a new polymorph during
manufacturing and distribution compromised its safety and
efficacy.® To deal with these challenges, a combination of
experimental techniques and CSP-based screening for
polymorphs is crucial for determining stable forms under
standard conditions, preventing the late appearance of
polymorphs, and distinguishing stable and metastable
pharmaceutical compounds at an early stage.****

In addition, pharmaceutical compounds encounter two
challenges in CSP due to their large molecular size and
structural flexibility.*®*” First, due to the large number of
degrees of freedom for flexible molecules, there is a risk that
the actual crystal structures may be overlooked or mistakenly
excluded. Second, a given compound may have many
crystalline modifications (polymorphs).>****° The primary
difficulty is a large number of polymorphs and their usually
small energy differences, often below 10 kJ mol™.*° To
overcome this, computational methods must be able to
efficiently screen a wide range of structures while accurately
accounting for intermolecular interactions at different energy
levels.*"** There is a pressing need for high-level methods
capable of precisely ranking polymorphs.**** Due to the high
costs associated with traditional methods like DFT, machine
learning potentials were employed to efficiently evaluate a
broad range of candidates and accurately rank them.*®

For materials modeling, moment tensor potentials (MTPs)
in machine learning interatomic potential (MLIP) code are a
promising tool due to their affordability and high accuracy.*®
As a short-range potential, MTP has its own limitations."”*®
To address this, the ML-derived structure ranking was
combined with insights from crystal engineering and the
synthon approach, as established in our previous
research.”*™! The Results and discussion section examines
MTP in more detail.

Our research group focuses on integrating CSP and crystal
engineering. Based on our previous research on the
importance of synthons in identifying both kinetic and
thermodynamic structures, the purpose of this article is to
explore the outcomes of employing CSP with ML in
conjunction with this approach. In this research, the 3-(5-
amino-2-methyl-4-oxoquinazolin-3(4H)-yl)piperidine-2,6-dione
(avadomide®®) molecule was selected for this purpose (Fig. 1).
Avadomide is a new small pharmaceutical molecule with

Fig. 1 Chemical structure of avadomide, with numbering of some
atoms.
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potent immunomodulatory and antitumor properties.>*>?
The powder X-ray diffraction (PXRD) pattern of avadomide
was revealed in the international patent number AU
2017225168 B2, but its crystal structure remains unsolved.
Avadomide and similar compounds are described in the
international patent number EP4327878A2, including their
methods of treatment and the prescribed unit doses. Also,
the effectiveness of avadomide was examined in treating
patients who were unable to tolerate standard cancer
treatments based on the prescribed dosage.’* The application
of CSP combined with crystal engineering provides an
opportunity to explore the structural landscape of avadomide.
This approach can address challenges such as the drug's low
solubility while enhancing its medicinal properties, all
without disturbing the chemical form of the drug.

Methods

In this study, hierarchical design was employed to perform
CSP calculations to solve complex problems systematically by
breaking them down into manageable steps.”® The energy
profile with respect to torsion angles was analyzed to
investigate the conformational states of the avadomide
molecule, employing the Dreiding force field with the
equilibration atomic charge (Qeq). This gave us the initial
molecular geometries which were then relaxed using the
Gaussian09 program.”® Stable conformational states were
optimized using DFT at the B3LYP/6-311++G**(p,d) level of
theory. In order to generate avadomide structures in the
crystallographic asymmetric unit with one independent
molecule (Z' = 1), two conformational forms and the most
commonly occurring space groups (P1, Pc, P2/c, P24/c, P24/m,
Cc, Cm, C2/c, Pca2,, Pna2,, Pbca, Pbcn, Aba2, Pnna and Pccn)
were used. The evolutionary algorithm, as implemented in
the USPEX 10.5 code,”*® was used to search for low-energy
crystal structures. Structure relaxation was done using the
Dreiding force field®" within the GULP code,®® with atomic
charges determined by atomic charge, Q.q.** The rigidity of
the molecular structure was maintained during crystal
structure relaxation. Then, structures exhibiting similarity
based on an RMSD15 <0.15A° criterion® were eliminated
using Mercury software,’ and unique structures underwent
re-optimization using the density functional tight binding
(DFTB) and ML method.**°*~%®

This study employed the most widely used DFTB variant
for organic molecules. The DFTB calculations were performed
using a third-order density functional Hamiltonian with self-
consistent charge redistribution, as implemented in the
DFTB* code.®®”* Slater-Koster 30B parameter files were
used, and the missing London dispersion interactions were
accounted for wusing the Tkatchenko-Scheffler (TS)
correction.®® For some structures the DFTB energies did not
fully converge.

For full structure optimization, the next optimization step
involved using the MTP potentials within the MLIP code,”
coupled with an active learning methodology. For creation of
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training sets, the Vienna Ab initio Simulation Package (VASP)
code’*7® was utilized. In these calculations, we used the PBE-
D3 approach and the projector augmented wave (PAW) method.

For the final optimization step, one hundred lowest-
energy structures were re-optimized using the PBE-D3
method,”” implemented in VASP. In these calculations, a
kinetic energy cutoff of 700 eV was utilized. The Brillouin
zone was sampled with a k-point grid resolution of 2 x 0.06
A", The convergence criteria were set to 1 x 10~ eV per cell
for total energies within the self-consistent loop and 5 x 107
eV A™* for forces in structure relaxation.

A model illustrating how molecules similar to avadomide
may be oriented and packed in crystal structures can
facilitate the selection of the most likely configurations.
Structural information from the CSD”® was used to determine
and analyze the structural search space. ConQuest”® (CSD
version 5.38, updated November 2021) was employed to
identify structures similar to avadomide. Considering that
the crystal structure of avadomide is not known, the molecule
was divided into several fragments for the search. Based on
our knowledge of compounds related to avadomide, the
intermolecular interactions of each fragment were analyzed.
Detailed information for each query is available in the SI. In
the CSD search, structures were selected based on criteria
including an R factor of <0.075, no disorder, no structural
errors, no molecular polymerization, and no ions. The
Mercury software®® in the CSD package was used to study
crystal  packing, intermolecular interactions, and
crystallographic analysis of experimental structures. The
structures similar to avadomide reported in the CSD were
analyzed for interactions and synthon geometries (see the SI
for more details).

Results and discussion

Conformational analysis

Avadomide, a racemic®"®* pharmaceutical compound, has a

flexible torsion angle and can adopt different conformational
states in its solid forms, which affect crystal structure
generation. To explore these conformational states, the
torsion angles were calculated using the Dreiding force field
combined with atomic charge (Q.q). The energy profile of the
molecule in the gas phase, plotted as a function of its torsion
angle (see Fig. S2), revealed two possible conformational
states. The energies of these two conformations were
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calculated using the B3LYP/6-311++G**(p,d) method. Form I
and form II (Fig. 2) have torsion angles of 123.99° and
-50.97°, respectively, with form I having lower energy by
6.588 kcal mol™". A notable feature of avadomide and its
related structures is that the hydrogen atom attached to the
chiral carbon lies in the same plane as the carbonyl group
containing oxygen atom 3. This feature is present in both
form I and form II (details provided in the SI). Additionally,
analysis of the piperidinedione ring and OH group
orientations revealed specific positions in two unstable states
where  steric  hindrances resulted in  high-energy
conformations. The energy differences between the
conformational states, as detailed in Table S1, demonstrate a
significant variation among the conformational states.

Crystal structure generation

Two forms, I and II, were used for generating crystal
structures in USPEX, with Z' = 1 in common space groups
(P1, Pc, P2/c, P2y/c, P2y/m, Cc, Cm, C2[c, Pca2,, Pna2,
Pbca, Pbcn, Aba2, Pnna, and Pccn) at T = 0 K and ambient
pressure. A symmetric random structure generator’’ was
used to generate 120 structures in the initial generation.
In the following generations, 100 structures were
generated from low-energy configurations: 50% through
heredity, 10% through soft mutation, 10% through
rotational mutation, and 30% using a random symmetric
structure generator. The GULP code and Dreiding force
field were wused to relax the generated
Approximately 13000 candidate structures were generated
during the evolutionary search. The evolutionary searches
stopped when the best remained
unchanged for 30 generations.

Next, duplicate structures were eliminated and low-energy
structures within 60 k] mol™ of the most stable generated
structure were identified. Duplicate structures were found
using the packing similarity search feature of Mercury
software, which was based on an RMSD threshold of 0.15 A.
Structures with RMSD greater than 0.15 A were considered
different. At this stage, 4316 crystal structures for form I and
form II remained, which were then used in the subsequent
re-optimization steps.

The generated structures were re-optimized using DFTB
calculations. Since some structures could not be relaxed fully,
they were processed using ML techniques.

structures.

were structure

Fig. 2 Molecular structures of (a) form I, (b) form II, and (c) overlap of form | and form Il.
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Optimization step: machine learning potential

In this study, we employed a method combining machine
learning potentials, using MTPs as the ML-based interatomic
interaction model. In the ML process, the first step is to
generate appropriate reference data for the ML model. Machine
learning potentials (MLPs), such as MTPs, utilize training data
from quantum-mechanical calculations to learn the
relationships between atomic configurations and their energies,
focusing on the local atomic environment. Interatomic
machine-learning potentials model the total energy of a system
as the sum of atomic energies, where the energy assigned to
each atom depends on its local chemical environment.

n

=2 V(m) (1)

=1

™ (cfg)

A key element of constructing any ML model is the training set.
Employing a comprehensive and complete training set
enhances the accuracy of the machine learning potential and
facilitates training over a larger area of the energy landscape.
However, it also significantly increases computational costs.
Traditionally, the construction of training sets used to be made
manually and by trial and error, where in every iteration, the
performance of the trained potential is evaluated. Active
learning simplifies the process and improves efficiency.

For each step of the machine learning potential model
(MTP potential, training, and active learning) a set of
hyperparameters must be defined, which will be outlined in
the following. Fig. 3 provides an overview of the complete
CSP and ML methodology, including the key components
and processes involved. In the following, we will discuss each
step individually.

Training and active learning

In the initial stage of training on quantum-mechanical data,
500 structures were randomly selected as the first training set
to ensure broad coverage of configurational space, including
different molecular packings and conformations of

Erx

4 A

[ Molecular \

il | generation
| structure i (USPEX)

ee ol

Form 2

\\
% Machine

learning
(MLIP)

‘ \\ TainmTe | )

engineering
(Synthon)

View Article Online

CrystEngComm

avadomide. The cutoff parameters were set to Rey = 5 A and
Runin = 0.8 A. Thus, configurations that have atoms distanced
by less than 0.8 A are filtered out. The training parameters
were configured with energy weight = 1, force weight = 0.1
and stress weight = 0.1.

After training the potential, active learning was
performed. In this process, an active learning algorithm
identifies instances where an MTP extrapolates beyond its
training domain and incorporates those extrapolated
configurations into the training dataset. To evaluate
structures in this model, the D-optimality criterion was
applied,”” which measures the degree of extrapolation and
determines how far a configuration deviates from the
training set. Structures with high extrapolation indicate
regions of the configuration space that are not well-
covered with the current training set, highlighting areas
requiring additional data for improved model accuracy. In
the first step of relaxation, 98 structures with the highest
degree of extrapolation (D-optimality) were selected. These
structures treated wusing DFT calculations and
subsequently included in the training set. This iterative
approach ensures that the training set adequately covers.
Diverse configurations improve the robustness of the MTP
model.

Subsequently, during the active learning cycles, the
machine learning model assigned an extrapolation grade to
each structure, which quantified how far the configuration
was from the current training domain. The 98 structures
with the highest extrapolation degree (D-optimality),
automatically identified by the MLIP package, were selected
for further DFT calculations. These updated structures are
then utilized in active learning computations, and all
configurations are relaxed using the revised training set. In
the initial stage, structures are selected randomly; however,
in subsequent iterations, configurations with the highest
degree of extrapolation are prioritized for inclusion in the
training set. Through eight iterations of training, eight
machine-learning potentials with the same functional form

were

Add to train

Crystal

Likely
structures

Sy B
A
AR

Fig. 3 Workflow for crystal structure prediction (CSP) and the machine learning scheme.
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Table 1 Active learning information of 8 trains with active learning

Train Extrapolate Extrapolation

number structures grade Train data set
1 0 10254.61 500

2 98 1039.08 598

3 98 520.96 696

4 98 41.75 794

5 98 9.71 892

6 98 4.61 990

7 98 1.86 1088

8 98 1.42 1186

but distinct parameter values were generated. In the initial
stage, the MTP parameters are assigned either randomly or
based on prior structural information. In the subsequent
stages, these parameters are iteratively refined through an
active learning process.

The reliability of the active learning loop is indicated
when the extrapolation grade falls within the range of 1 to 3.
Under these conditions, the errors remain consistent, and
the uncertainty in these errors is minimal, reflecting the
quality of the training process. The evolution of the MLIP
model during training is summarized in Table 1. To evaluate
the reliability of the ML potential, the RMSE errors were
assessed. The RMSE error ranged from 1.5 to 0.3 meV per
atom observed for specific iterations.** These errors are
within acceptable thresholds, validating the accuracy of the
MTP model for the present study.

The one hundred lowest-energy structures for form I
and form II were selected for DFT calculation in the VASP
package. Previous studies have demonstrated that the PBE-
D3 method yields very accurate and reliable results for
organic pharmaceutical compounds.””® These
computations employed PBE-D3, with a /-centered k-point
grid with reciprocal space resolution of 27 x 0.06 A, A
kinetic energy cutoff of 700 eV was applied. The details of
the lowest-energy structures for forms I and II are
provided in Table S3. Fig. 4 illustrates the relationship
between the energy calculated using PBE-D3 and the
density of the predicted structures, within 20 kJ mol™ of
the lowest energy.
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Powder X-ray diffraction (PXRD)

To identify which of these structures matches the
experimental structure, the experimental PXRD pattern of
avadomide (from patent AU 2017225168 B2) was used for
comparison. The empirical data on avadomide are limited,
and the quality of the information available in the patent is
relatively low.

PXRD patterns of low-energy candidate structures were
examined and it became clear that no structure exhibited
perfect similarity to the reference model. The PXRD pattern
of the structure ranked 4th in conformational form I
showed the closest resemblance to the experimental pattern.
This observation led us to hypothesize that this particular
structure might be the observed polymorph. Alternatively,
the PXRD pattern might reflect a mixture of two
polymorphic forms, making interpretation more complex.
Previous studies demonstrate that a significant number of
compounds—estimated between 15% and 45%—may not
crystallize in their thermodynamically most stable form, as
access to this form can be restricted by kinetic
hindrance.®®®” Fig. S5 in the SI illustrates the comparison
between the PXRD pattern of this candidate structure and
the experimental PXRD pattern.

Crystal engineering

Energy is the primary factor in evaluating the obtained
structures. CSP studies and blind tests have demonstrated
that modern computational methods can almost accurately
calculate the energy ranking of polymorphs.®”°* Both
thermodynamics and kinetics should be considered when
selecting likely structures. As previously noted, direct access
to kinetic information is challenging, but applying crystal
engineering concepts offers a way to obtain this information
indirectly.**! For this purpose, the synthon approach was
employed to analyze structures within 20 k] mol™ of the
lowest-energy structure (Table S3).

In addition, the ten lowest-energy structures relative to the
most stable structure were meticulously analyzed using
Mercury software, based on the crystal engineering (Table 2).
The main goal is to identify the most likely structure based

1.60

Fig. 4 Relative energy (AE (PBE + D3), kJ mol™) plotted against the density of the predicted structures of avadomide and first rank structure of

avadomide.
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Table 2 List of low-energy structures of avadomide. The structures were optimized using PBE-D3

Rank Volume (A% Conformeration Density (g cm™) SPG V4 Relative energy (k] mol™) Synthons I(I)II(II')III
1 662.15 1 1.44 ri 2 0.00 ++ +
2 1317.48 1 1.44 P2,/c 4 0.60 +--
3 1321.98 1 1.44 P2,/c 4 0.91 + - -
4 1321.63 1 1.44 P2,/c 4 1.01 ++ -
5 2878.01 1 1.32 Phca 8 1.25 -==
6 2863.29 1 1.33 Pbcn 8 1.67 + - =
7 660.46 1 1.44 P1 2 2.17 + -+
8 1358.69 1 1.40 Pna2, 4 2.48 -—=
9 651.95 1 1.46 P1 2 2.60 + -+
10 2857.34 1 1.33 Pbca 8 2.71 -—-
Structural synthons were analyzed in three dimensions. A ‘+’ sign indicates the presence of a synthon in that dimension, while a ‘=’ sign

indicates its absence.

on the experimental synthons in the CSD within the top-
ranked structures.

In Fig. 1, specific atoms of the avadomide molecule are
labelled to define the synthons.

Oxygen atoms O1 and 02, along with the imide group in
the piperidinedione ring, can participate in hydrogen
bonding. This interaction commonly occurs as an N-H:--O
hydrogen bond, forming an R3(8) synthon with the imide
group of a neighboring molecule. This interaction is referred
to as synthon I. The imide group, with the oxygen atom 02,
can additionally participate in a C-H---O hydrogen bond,
forming an R3(8) synthon through interactions with the
oxygen atom of the imide group and the aliphatic hydrogens
of the piperidinedione ring in a neighbouring molecule. This
interaction is referred to as synthon I'.

The oxygen atom O3 of the carbonyl group in the quinazoline
fragment commonly engages in a C-H---O hydrogen bond with
C-H groups, referred to as synthon II. Additionally, this oxygen
atom can participate in an N-H---O hydrogen bond with N-H
groups, which is designated as synthon II'.

Nitrogen atom N4 in the quinazoline fragment typically
interacts through a C-H--*N hydrogen bond with a C-H
group as hydrogen donor, forming an R3(8) synthon. This
interaction is referred to as synthon III.

rozs 0y peee
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syn I

jgk First ranked structure of form |
3
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syn I

The low-energy structures of avadomide were identified in
the space groups P1, P2,/c, Pbcn, and Pbca in conformational
form I. The first-ranked structure, possessing space group P1
with Z' = 1, is illustrated in Fig. 4. In this structure, the
N-H---O hydrogen bond involving the oxygen atom (O2) of
the imide group in the piperidinedione ring, together with the
imide group of the piperidinedione ring in a neighbouring
molecule, forms an R3(8) synthon. This synthon is
characterized by a bond distance of 1.81 A (H:--A) and a bond
angle of 178.87° (D-H---A). This synthon, frequently observed
in CSD structures, is referred to as synthon I. The oxygen atom
(03) of the carbonyl group (C=O0) in the quinazoline fragment
forms a C-H--*O hydrogen bond with a C-H group,
corresponding to synthon II. Synthon II is characterized by a
hydrogen bond distance of 2.09 A (H:---A) and a bond angle of
139.54° (D-H---A). Additionally, the nitrogen atom (N4) in the
quinazoline fragment forms a C-H---N hydrogen bond with a
C-H group, resulting in an R3(8) synthon. This synthon,
commonly observed in the CSD, is referred to as synthon III
This synthon is characterized by a bond distance of 2.36 A
(H---A) and a bond angle of 174.36° (D-H---A) (see Fig. 5 (left)).
These synthons play a crucial role in expanding the molecular
structure in three dimensions, thereby contributing to the
overall stability.

Second ranked structure of form Il

HIXKEE
syn I

Fig. 5 Synthon details of the first ranked structure of form | (left) and second ranked structure of form Il (right).
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The structures of conformational form II, as listed in the
ranking table, were analyzed wusing crystal engineering
principles, with a specific focus on their synthons (Table S3).
Notably, the second-ranked structure of conformational form II
(overall rank: 20), which crystallizes in the space group P1 with
Z' = 1, exhibits three prominent synthons, emerging as a
promising candidate from a crystal engineering perspective
(Fig. 5 (right)). In this structure, the oxygen atom (02) of the
imide group in the piperidinedione ring forms a C-H:--O
hydrogen bond with the hydrogens of the piperidinedione ring
in a neighbouring molecule, represented by the R3(8) synthon.
This R3(8) interaction is characterized by a bond distance of 2.3
A (H---A) and a bond angle of 125.34° (D-H:--A). A review of the
interaction behaviour of the imide group within the
piperidinedione ring in the top-ranked structures of
conformational form II indicates a transition in the dominant
hydrogen bonding. The commonly observed N-H:--O hydrogen
bonding shifts to a C-H:--O hydrogen bond in these structures.
This change in interaction behaviour reflects a structural
adaptation, likely driven by steric hindrance, resulting in the
formation of an alternative hydrogen-bonding pattern,
designated as synthon I'. Oxygen atom 3 (O3) of the carbonyl
group in the quinazoline fragment participates in an N-H---O
hydrogen bond, which is referred to as synthon II'. Synthon II'
is characterized by a bond distance of 2.46 A (H-+-A) and a bond
angle of 172.94° (D-H:--A). Nitrogen atom N4 in the quinazoline
fragment participates in a C-H--*N hydrogen bond, forming an
R3(8) synthon. This synthon is characterized by a hydrogen
bond distance of 2.57 A (H--A) and a bond angle of
132.54°  (D-H--A), corresponding to  synthon I
(Fig. 5 (right)). The refcodes for similar experimental
structures are provided in Table S4.

Analysis of crystal structures revealed that the first-ranked
structure, conformational form I, is characterized by three
dominant synthons. This observation underscores its
thermodynamic stability and aligns with key principles of
crystal engineering, suggesting that form I is likely the
dominant form under experimental conditions. The structure
ranked 20th, originating from conformational form II, also
exhibits three notable synthons. This structure has an energy
difference of approximately 8.12 kJ mol™* when compared to
the first-ranked structure. The relatively small energy
difference (less than 10 kJ mol™") between these two
structures, combined with their identical space group and
the presence of three confirmed synthons, provides strong
evidence that the 20th-ranked structure is a feasible
conformational polymorph of the first-ranked structure.
Furthermore, this finding implies that the 20th-ranked
structure represents a metastable polymorph of avadomide.

Conclusions

In this study, avadomide was selected as a model compound
for polymorph screening due to its significance in the
pharmaceutical industry, where the identification and control
of polymorphic forms are essential for ensuring drug efficacy,

This journal is © The Royal Society of Chemistry 2026
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stability, and intellectual property protection. The crystal
structures of avadomide were predicted using the USPEX
code combined with a machine learning potential (MTP)
model. The integration of ML with traditional computational
methods has shown significant potential in advancing CSP.
By leveraging ML methods, such as MTP, alongside DFT
methods, more accurate and efficient predictions of stable
and metastable structures can be achieved. This method
offers a cost-effective alternative to DFT while maintaining
sufficient computational efficiency. The results of this study
emphasize the importance of applying ML methods in
conjunction with the concepts of crystal engineering to
overcome challenges such as polymorphism and
identification of kinetically favoured polymorphs. By utilizing
USPEX, trial structures of avadomide were generated based
on two lowest-energy conformations of the molecule,
conformational states I and II. Duplicate structures were
eliminated, and the low-energy structures within 60 kJ mol™
of the most stable generated structure were selected for
further analysis. These subsequently
optimized and ranked using MTP machine learning
interatomic potential. In the final optimization steps, the
PBE-D3 method was used for the final structures, ensuring
accurate and efficient calculations. The lowest-energy
structures were analyzed for the presence of synthons using
Mercury software, providing a detailed understanding of
crystal packing. Synthons of each structure were compared to
those of the experimental structures, and any matches were
considered. One candidate structure showed partial
agreement with the PXRD pattern reported in the patent;
however, the low quality of the experimental PXRD data
limited the certainty of a definitive structure assignment.

In addition to this structure, synthon-based analysis and
evaluation of low-energy structures led to the identification
of two other plausible polymorphs. Although these alternative
forms have not yet been observed experimentally, their
predicted stability and structural features suggest they could
be accessible through future experimental efforts.

Yet it is possible that some low-energy structures have not
been identified, which is expected given the limited number
of space groups explored. Furthermore, there may still be
unidentified structures, as polymorph screening has been
performed on only two conformations.

structures were
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