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GRAPHICAL ABSTRACT
PUBLIC SUMMARY

- The diverse crystal structures of organic compounds significantly influence their properties across fields, from

optoelectronics to superconductors and from drugs to high-energy explosives.

- Traditionalmethods face limitations in efficiency due to incomplete experimental crystallization and time-consuming quantum
mechanics calculations.

- DeepCSP leverages AI to achieve minute-scale predictions of organic crystal structures from two-dimensional molecular
structures.
ll www.cell.com/the-innovation
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Organic crystal structures exert a profound impact on the physicochemical
properties and biological effects of organic compounds. Quantum me-
chanics (QM)–based crystal structure predictions (CSPs) have somewhat
alleviated the dilemma that experimental crystal structure investigations
struggle to conduct complete polymorphism studies, but the high
computing cost poses a challenge to its widespread application. The pre-
sent study aims to construct DeepCSP, a feasible pure machine learning
framework for minute-scale rapid organic CSP. Initially, based on 177,746
data entries from the Cambridge Crystal Structure Database, a generative
adversarial network was built to conditionally generate trial crystal struc-
tures under selected feature constraints for the given molecule. Simulta-
neously, a graph convolutional attention network was used to predict the
density of stable crystal structures for the input molecule. Subsequently,
the distances between the predicted density and the definition-based calcu-
lated density would be considered to be the crystal structure screening and
ranking basis, and finally, the density-based crystal structure ranking would
be output. Two such distinct algorithms, performing the generation and
ranking functionalities, respectively, collectively constitute the DeepCSP,
which has demonstrated compelling performance in marketed drug valida-
tions, achieving an accuracy rate exceeding 80% and a hit rate surpassing
85%. Inspiringly, the computing speed of the puremachine learningmethod-
ology demonstrates the potential of artificial intelligence in advancing CSP
research.
INTRODUCTION
Organic crystal structures, one of the highly regarded solid-state characteris-

tics, refer to the microscopic molecular stacking form of solid crystalline organic
compounds.1 Crystal structures exert direct or indirect influence on the physico-
chemical properties and biological effects of solid matter, including density, sol-
ubility, melting point, bioavailability, vibrational transitions, electronic transitions,
and other highlighted properties.1 Crystal structure research has become an
indispensable core component in diverse domains such as drug research and
development (R&D), novel material exploration, electronics and photonics
research, and high-energy explosives discovery. In drug R&D, for example, the
crystalline form of drugs can affect the solid-state properties, solubility, hygro-
scopicity, stability, and bioavailability,2 whereas changes in these properties
significantly affect the safety, efficacy, and manufacturability of pharmaceutical
products. In 1832, the polymorphismphenomenon inmolecular crystal structure
was initially observed in research on benzamide,3 which prompted the ability to
stack into different crystal structures of some compounds.4 Since then, an
increasing number of compounds have been identified as possessing multiple
stable crystal structures,5 suggesting the widespread existence of polymor-
phism. In 2018, Neumann and van de Streek6 concluded that approximately
15%–45% of marketed small-molecule drugs exist unidentified but more stable
crystal structures. Determining the possibility of undesirable polymorphism has
gradually become one of the central foci of crystal structure studies. Incomplete
drug crystal structure studies may lead to catastrophic risks, exemplified by the
case of ritonavir, an antiviral drug. After ritonavir was launched in 1996, the dis-
covery of a less soluble crystal form led to a recall that directly resulted in a loss of
over $250million.6,7 In addition, in-depth crystallographic studies are expected to
ll
predict or design new solid-state forms, providing opportunities to acquire new
intellectual property,8 establish high-technology thresholds, and extend the life
cycle of pharmaceuticals.2,4

Although crystal structure research holds significant importance and pre-
sents opportunities, it is not without its challenges. For a long time, traditional
experimental crystal structure screening has remained trapped in a trial-and-er-
ror procedure. Extensive labor, material, and time costs are invested in
screening different crystal generation conditions, and thereafter to observe
the structure by spectroscopic and thermal analysis.9,10 What makes it even
more desperate is the uncertainty of the screening endpoint.11 According to
the study of nucleation kinetics,12 the compound first crystallizes into a thermo-
dynamically labile structure and then stops transforming into a thermodynam-
ically stable structure due to high nucleation barriers. This labile structure
would wait for a specific crystallization condition, possibly until industrial pro-
duction, when it accidentally matches the suitable condition and transforms
into a more stable crystal structure, which is unacceptable. Therefore, both
traditional crystallographic screening methods (e.g., recrystallization, rapid sol-
vent removal, lattice disruption) and tailored, more advanced methods,
including freeze-drying,13 high-pressure crystallization,12 capillary crystalliza-
tion,14 laser-induced nucleation,15 crystallization under external magnetic
fields,16 and the use of supercritical antisolvents,17 are difficult for researchers
to ensure that the right conditions are matched to generate stable crystalline
forms with the lowest free energy during the short experimental screening pro-
cess. Moreover, there is no confidence that all of the potential crystalline forms
of a given compound will be found.
To address the challenges associated with experimental crystal structure

screening, the application of computational techniques for crystal structure pre-
diction (CSP) is a promising direction that escapes the limitations of crystalliza-
tion conditions. The ultimate goal of CSP is to explore all of the stable crystal
structures starting from two-dimensional (2D) molecular structures. CSP is
based on the assumption that a thermodynamically stable crystal structure
possesses relatively lower energy.18 The traditional approach to structure gen-
eration in CSP relies on extensive sampling of trial crystal structures, and the
optimization of each trial structure is indispensable for expensive computing
power. As for the energy-based ranking process, currently, quantum mechanics
(QM) theory–guided lattice energy calculation methods are the mainstream of
CSPs, including density functional theory; the Hartree-Fock method; coupled
cluster singles, doubles, and perturbative triples theory; and so on.19 In recent
years, computing power has improved spectacularly, but it still struggles to
satisfy the expensive dynamic ab initio free energy calculation. Most existing
CSPs have to replace the free energy by calculating the lattice energy under
nonambient conditions,18 but still require months to complete an all-atom lat-
tice energy calculation for a specific molecule. The possible missing trial space
and the lengthy calculation cycle are the most significant limitations of QM-
based CSP applications.
Improving structure generation efficiency and reducing computing costs are

the evolutionary directions for CSP. Recently, data-driven machine learning has
been a powerful force in chemistry studies,materials science, and drug discovery
and development.20–22 In general, well-trained machine learning models exhibit
linear inference complexity, whereas ab initioCSPs, whose computation is based
on explicit physical models, lead to a much higher computational complexity. In
this light, machine learning algorithms may be the potential solution to the pain
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Figure 1. Overview of DeepCSP, the pure machine learning organic compound CSP framework (A) Representation of crystal structures. Each crystal structure consists of 11 major
space groups (occupying more than 90% of all 230 space groups), 6 cell parameters (a, b, c, a, b, g), and z values. (B) Modeling dataset building process. (C) Molecular graph
representation of organic compounds in GCNs. (D) Framework of OCGAN (D1) and algorithms for crystal structure filtering and ranking (D2). (E) Schematic diagram of crystal
structure space filtering. Please see the supplemental information for calculation details. (F) Left: structure of MolGAT for molecular stable crystal structure density prediction. Right:
schematic diagram of the algorithms for graph convolution (top), the attention mechanism (center), and dense layers (bottom).
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point of QM-based CSPs. The Cambridge Crystal Structure Database (CSD),23 an
open-source database established in 1965, has integrated over 1 million high-
quality crystal structure data, offering unlimited possibilities for machine
learning-driven CSP. Several studies have attempted to apply machine learning
methods to inorganic molecular CSP.24–26 As an example, Kim et al.27 adopted
atomic coordinate crystal representation to establish a Mg-Mn-O ternary inor-
ganic material generative model, and the photoanodic properties, stability, and
band gap of the materials were computationally predicted. Long’s team24 devel-
oped the constrained crystals deep convolutional generative adversarial network
model to optimize attributes in the potential space and internalize the desired at-
tributes as targets of the generator using conditional generation as a constraint,
which was successfully applied to the BiSe binary system. However, compared
2 The Innovation 5(2): 100562, March 4, 2024
to inorganicmaterialswith highly regular crystal structures, themuch larger num-
ber of atoms and highly complex chemical environment of organics bring an
exponential difficulty increase for machine learning CSP. To the best of our
knowledge, there are no reports that rely exclusively on machine learning algo-
rithms for organic compounds CSP.
The generation and ranking of trial crystal structures are the two most

essential subjects of CSP. Generative adversarial networks (GANs), a widely
used generative learning algorithm proposed in 2014,28 may offer
completely fresh opportunities for crystal structure generation. Regarding
the ranking of trial crystal structures, based on the consensus that lower
energy, more stable, CSPs rely on QM energy calculation for ranking, which
is the rate-limiting step. It is a natural idea to try to predict lattice or free
www.cell.com/the-innovation
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Figure 2. A comprehensive overview of the dataset
and feature screening results (A) Calculated density
distribution of all of the compounds in the whole da-
taset. (B) Publication date distribution of all of the
compounds in the whole dataset. (C) Conditional
features screening results (using accuracy as the
evaluation metric). (D) Conditional features screening
results (using hit rate as the evaluation metric). (E)
Conditional feature combination screening results. (F)
The Ddensity single-factor screening result.
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energy with machine learning algorithms; however, the shortage of data is a
fatal limitation. After all, every data generation is expensive regarding this
problem. How about choosing the more readily available crystal properties
as the basis for ranking? In 1979, crystallographer A. Burger proposed the
density rule29 based on statistical mechanics, which states that if one
modification of a molecular crystal has a lower density than the other, it
may be assumed to be less stable at absolute zero, and experimentally veri-
fied.30 Landscapes, one of the important outputs of CSP, is a scatterplot of
potential crystal structures represented by energy and density. The density
rule and the landscapes suggest a possible correlation between the stabil-
ity of a crystal structure and its density, whereas the density rule29 even
proposes the hypothesis that the higher the density, the more stable, which
prompts that if machine learning models can be built to accurately predict
the density of the most stable crystal structures, then the inexpensive pre-
dicted density may be used as the basis for ranking to find stable crystal
structures, offering an alternative to the costly calculated free energy.

Following the above idea, the present study aims to develop a pure machine
learning organic CSP framework called DeepCSP (Figure 1). A whole dataset
for crystal structures of free-form (single component) organicmoleculeswas ob-
tained fromCSD,which contains 177,746 data entries. Basedon this dataset, two
machine learningmodels with different functionswere successfully constructed:
the organic compound crystal structure conditional GAN (OCGAN) and the mo-
lecular graph convolutional network with the attention mechanism (MolGAT).
OCGAN considered the structural characteristics of the input molecules and
conditionally generated the potential crystal structures from the learned space
(characterized by crystal structure parameters). Meanwhile, MolGAT was imple-
mented to predict the density of stable crystal structures at room temperature.
The graph network relies on the input of a 2D molecular map for target property
prediction through amessage passing algorithm, which can achieve high predic-
tion accuracy while eliminating complex feature engineering. Next, the predicted
density served as the basis for the trial crystal structure screening and ranking,
ll The
resulting in a recommended crystal structure
ranking map. After that, an additional crystal
structure dataset of 423 marketed drugs was
used to evaluate the overall performance of
DeepCSP. Finally, several case studies (supple-
mental information) were used to showcase
the functionalities and performance of DeepCSP.
The generation and ranking of crystal struc-

tures are the two most important components
of CSP, and they are closely intertwined,mutually
supportive, and complementary. OCGAN and
MolGAT operate within these two stages, and
their coupling enables them to collaborate effec-
tively within the DeepCSP framework, resulting in
a synergistic effect and achieving highly accurate
predictions of crystal structures. Altogether,
DeepCSP, a pure machine learning framework,
presents a fresh perspective on CSP, which re-
duces the computing cost by tens of thousands
of times while maintaining the comparable ca-
pacity to explore potentially stable organic crys-
talline forms as ab initio CSP methods, demon-
strating the great potential of the new
paradigm of machine learning–driven CSP.
RESULTS
Datasets
Whole dataset. This study began with free-form organic compounds. A raw

dataset containing the target objects was obtained from the CSD. The front-
end software package ConQuest31 was used to search the target crystal struc-
tures in CSD according to chemical elements, chemical names, molecular struc-
tures, or substructures, which led to the retrieval of an original dataset containing
257,029 data entries. Data preprocessingwas then performed on the original da-
taset with the aim of addressing class imbalances in discrete data and distribu-
tion unevenness in continuous data. The detailed preprocessing workflow is
described in the supplemental information. The resulting whole dataset for
modeling contains 177,746 crystal structure entries. The calculated density dis-
tribution is shown in Figure 2A.
Data splitting. In the modeling of MolGAT, the whole dataset was split ac-

cording to the three-subset splitting strategy, which is broadly accepted in ma-
chine learning—in other words, training models on the training subset (142,196
entries, 80%), tuning the model hyperparameters on the validation subset
(17,775 entries, 10%), and testing the model performance on the test subset
(17,775 entries, 10%). A time-based stratified sampling algorithm was applied
for data splitting to avoid ignoring the small but widely validated crystal structure
data published earlier (see Figure 2B).
Additional test dataset. Acquired from the marketed drug data subset of

CSD, the additional test dataset for the overall performance evaluation of the
CSP machine learning framework consisted of 423 marketed drugs with 936
crystal structures in total, 264 drugs of which were monomorph and 159 were
polymorph.

OCGAN
Sample representation. The application of GAN to generate crystal struc-

tures presupposes that crystal structure can be reasonably expressed in mathe-
matical form. Eight crystal structure parameters are used to represent a unique
Innovation 5(2): 100562, March 4, 2024 3



Table 1. Molecular feature conditions applied in OCGAN

Feature Description Categories no.

MW Molecular weight 7

S Short axis of an enclosing box 10

S_L Short/long axis of an enclosing box 6

S_M Short/medium axis of an enclosing box 6

M_L Medium/long axis of an enclosing box 4

Globularity Surface of a sphere with the same volume as
the molecule/solvent-accessible surface area

6

FrTPSA Topological polarity surface area (TPSA)/
solvent accessible surface area (SASA)

5

Dipole_Moment Dipole moment 5

Enclosing box, a molecular structure, where the outer boundary forms a closed box, encapsulating the actual molecule within.
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crystal structure: space group, z value, three lattice lengths (a, b, c), and three lat-
tice angles (a, b, g), where the space group describes the lattice symmetry, the
z value characterizes the number of molecules in the lattice, and the six lattice
parameters describe the physical dimensions and geometry to explore the de-
grees of freedom of the unit cell.

The nuclear charge properties, the 3D conformation, and the shape of mole-
cules are closely associated with the lattice stacking pattern; therefore, selected
molecular properties are used as conditional constraints of the GAN to guide
crystal structure generation, known as a CGAN.

Features. The CSD Python API was applied for searching the simplified mo-
lecular-input line-entry system (SMILES)32 ofmoleculesaccording to theRefcode
(the unique identifier of the crystal structure in CSD). With SMILES as input, the
features of molecular mass, the molecular features, were calculated by the
RDKit33 and OpenBabel34 Python packages, including descriptors such as
’S_L,’ ’M_L, ’ ’S_M, ’ ’S,’ ’Globularity,’ ’FrTPSA,’ ’Dipole_moment,’ and so forth, which
represented a priori knowledge because they have been revealed to be highly
correlated with the molecular crystallization by previous studies.35 The descrip-
tions of molecular features were shown in Table 1.

In OCGAN, the conditional features are not assigned as continuous values, but
instead are divided into categorical numbers, as shown in Table 1, leading to one-
hot features. As shown in Figure 2, we initially used separate conditional features
as constraints for structure generation (Figures 2C and 2D), and ’MW,’ ’S_L,’ and
’Dipole_moment’ performed best in their respective categories in terms of both
accuracy and hit rate. Subsequently, the combination of different classes of con-
ditional features was evaluated (Figure 2E), and ultimately, the combination of
’MW,’ ’S_L,’ and ’Dipole_moment’was selected as the post hoc conditions, which
represent the molecular size, 3D shape, and charge characteristics of a given
compound, respectively.

Moreover,modeling of the three continuous columns of lattice angles,a, b, and
g, can be a challenge. An additional Boolean column was added for each angle
parameter, which returned 90� for true and the specific non-90� for false. Such
a transition could guide the model to learn first the Boolean discrete values
and then the mixed Gaussian continuous features for non-90� data. Through
the combination of the two distributions, the model is able to learn the highly un-
balanced angle distributions more easily.

Model construction. In this study, we report a CGAN model for generating
trial crystal structures that are represented as crystal structure vectors and
stored in tabular format. See the supplemental information for details.

Figure 1D1 demonstrates the scheme of OCGAN. The generator and the critic
competed against each other, whereas the parameters were tuned continuously
andNash equilibriumwas eventually reached. As a result, the generatorwould be
able to fool the critic by generating realistic candidates that are indistinguishable
to the critic. Conditional generation with selected molecular properties as con-
straints was achieved by the rejection sampling process (i.e., repeated sampling
until a qualified rowwasmet), thus ensuring that themandate of conditional gen-
eration is achieved.

Model evaluation. Wemade the trainedOCGAN randomly generate a dataset
containing the same amount of crystal structures as in the test set. The similarity
between the two datasets served as evaluation metrics, which included the dis-
4 The Innovation 5(2): 100562, March 4, 2024
tribution of individual data columns, the overall data visualization by principal-
component analysis (PCA) dimensionality reduction, themeans and standard de-
viations of continuous columns, and the internal correlations. Furthermore, the
performance of OCGAN is also reflected in the overall performance evaluation
of DeepCSP.
As shown in Figure 3A, the real and generated data share similar normal dis-

tributions in lattice lengths (L_a, L_b, and L_c). The lattice angles (a_90, b_90, and
g_90) show a similar binary category ratio for the real and generated data, which
is described as the true or false ratio for 90� in the Boolean bar chart. In addition,
the a, b, andg subplots described the distributions of specific angle values, which
demonstrated not only the concentration at 90� but also the probability density
distributions of specific non-90� data. Although there were some samples in the
tail for the b, the distributions of lattice angles were well learned by the generated
model. In addition, the real data and the generated data also share similar cate-
gorical distributions in other discrete variables (e.g., z value, space group number,
molecular weight_category, S_L_category, S_category). These data distribution
plots present the good learning ability of the generative model.
Figure 3B demonstrated the similar values of means and standard deviations

of the generated and the real data. The original high-dimensional datawere trans-
formed into visualized 2D scatterplots by PCA dimensionality reduction (Fig-
ure 3C) and into 2D correlation matrix heatmaps (Figure 3D). The scatterplot
comparison revealed that the generated data effectively captured the distribution
of real data, extending slightly beyond it. This indicates that the generativemodel
not only learned the data distribution but also explored unobserved regions. The
2D correlation matrix heatmaps indicate that the generative model successfully
learned the internal correlations.

MolGAT
Figure 1F demonstrated the structure of MolGAT for molecular stable crystal

structure density prediction. Local structural features were captured by convolu-
tional operations and then embedded in the attention layer to obtain the global
structural dependencies. The model simultaneously considered both global
and local structural information. The appropriate molecular representations
were generated to achieve accurate stable crystal structure density predictions
directly from 2Dmolecular structures. Polymorph compounds in the whole data-
set are marked by the International Chemical Identifier, which was converted
from simple data format files using the RDKit toolkit. Polymorphs account for
only approximately 3% in CSD, and the densities of different crystalline forms
of the same compound are relatively close, with a mean coefficient of variation
of approximately 1%. Therefore, the mean values of the stable crystal structure
densities would be applied in the modeling of the polymorph compounds.
Molecular representation. In graph convolutional networks (GCNs), each

molecule is represented as an undirected graph. To characterize the local chem-
ical environment, atoms and bondswere encodedas structural features, inwhich
the attribute information was retained. The relative contributions of these fea-
tures will be learned by MolGAT. An atom is described as a 38-dimensional
feature vector and a bond as a 6-dimensional feature vector, respectively. All
of the atomic features and bond features are obtained by using the RDKit toolkit,
and specific information is shown in Table S1.
www.cell.com/the-innovation
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Figure 3. Performance evaluation of OCGAN (A) Comparison of the distribution of the real data with the generated data. L_a, L_b, L_c: lattice length; a_90, b_90, g_90: distribution of
90� angle and non-90� angle data; a, b, g: lattice angle; z value: number of molecules in each cell; molecular weight_category: discretization category of molecular mass data;
S_L_category: discretization category of molecular short-edge to long-edge ratio; M_L_category: discretization category of molecular medium-long-edge to long-edge ratio;
S_M_category: discretization category of molecular short-edge to medium-long-edge ratio; S_category: discretization category of molecular short edge; globularity_category:

(legend continued on next page)
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 Graph convolutional layer. GCNsareable to automatically learn task-specific

representations using graph convolution The graph convolutional layer recur-
rently passes information about neighboring atoms and bonds to the central
atom by circular convolution, aggregating this into the embedded information
about its surrounding chemical environment. The learned embeddings can be
used to predict molecular properties.

Attentionmechanism. The attentionmechanismapplies an attention layer to
capture the different importance of fragments in determining crystal density. The
attention mechanism uses the weighted sum instead of a simple global pooling
step or calculating the sum. Here, the scaled dot-product additive attention was
applied.

Model performance. According to the commonmetrics in machine learning,
the mean absolute error (MAE), the mean square error (MSE), the root mean
square error (RMSE), and the coefficient of determination (R2) were applied.

The performance of MolGAT is shown in Table 2. In Table 2, MolGAT dem-
onstrates a high level of predictive performance on both the validation and test
sets. On the final test set, all three error evaluation metrics (MAE <0.04, MSE
<0.003, RMSE <0.05) fall within a low error range. The R2 value reaches 0.917
on the test set, indicating a high degree of proximity between predicted and
actual values. These results demonstrate the effective modeling and accurate
prediction of stable crystal structure densities for organic compounds by
MolGAT.
DeepCSP framework
DeepCSP is developed upon the coupling of OCGAN and MolGAT. In general,

CSP based onmachine learning is a process to continuously filter and reduce the
vector space of crystal structures (Figure 1E). The vector space is initially
spanned by all of the crystal structure parameters and is reduced to a trial crystal
structure space generated by the features ofmolecular mass andmolecular fea-
tures. Subsequently, the candidate crystal structures are selected based on the
predicted density of stable crystals and are ultimately ranked and recommended
by density.

Crystal structure generation. First, the selected feature descriptors,
including molecular weight and molecular features, of the input compounds
were calculated and discretized. These descriptors were used as constraints,
and the trained GAN model was invoked to generate the trial crystal structures
conditionally. Necessary postprocessing was then performed to avoid gener-
ating data that violate the crystalline rules. Specific procedures are described
in the supplemental information.

Second, the density of each generated crystal structure was calculated. This
study mainly focused on the 11 space groups of the 230 total, which covered
97% of the crystal structures in the CSD. These 11 space groups belonged to
3 crystal systems, and the cell volume (Å3) and density (g/cm3) of the generated
crystal structure were calculated by the following equations:

Triclinic : V = abc � ð1 � cos 2 a � cos 2 b

� cos 2 g + 2 cos a cos b cos gÞ;

Monoclinic : V = abc � sin b;

Orthorhombic : V = abc � I;

Calculated density = nM=ðNaVÞ;

where V is the cell volume; a, b, c are the lattice lengths; a, b, g are the lattice an-
gles; n is the number ofmolecules in the cell; M is themolecular weight, andNa is
the Avogadro constant.

Third, the trained MolGAT was invoked. The desired stable crystal structure
density was obtained for the input compounds and named as the MolGAT pre-
dicted density.
discretization category of surface area of spheres with the same volume and molecular ar
discretization category of dipole moment; space group number: a description of the crysta
columns of values between the real data and the generated data. (C) Visualization of the d
Internal correlation matrix of the real data (left) and the generated data (center) and the di
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Fourth, the difference between the MolGAT predicted density and the calcu-
lated density of the generated crystal structure, Ddensity, was evaluated and
described by the following equation:

Ddensity = AbsðMolGAT predicted density � Calculated densityÞ:

The generated crystal structureswere screened by density, where thosewith a
D density less than 0.05 g/cm3 would be retained, which is the optimal threshold
determined by a single-factor screening experiment, as shown in Figure 2F.
Fifth, clustering similar crystal structures—during the crystal structure genera-

tion process, a real-time analysis was performed to determinewhether the newly
generated crystal structure had been produced previously. Specific procedures
are described in the supplemental information.
Following the procedures above, 1,000 trial crystal structures were generated

for each input compound.
Crystal structure ranking. Since MolGAT has been trained on the density

data of realistic stable crystal structures, the predicted crystal structure
density for input compounds is considered to be the mathematical expec-
tation of its most stable crystal structure density in reality. The 1,000
trial crystal structures generated were ranked in ascending order by
Ddensity, and a density ranking map was obtained for crystal structure
recommendation.
Marketed drugs validation
Weuse the crystal structures ofmarketed drugs as an additional validation da-

taset. Three metrics were introduced for evaluating the predictive performance:
the accuracy, the hit rate, and the top rank of the hit structures. They were
described in the following equations:

Accuracy =
CountðRight prediction drugsÞ

CountðTotal drugsÞ � 100%

Specifically, right prediction drugs referred to the drug whose known struc-
tures were included in the predicted structures.

Hit rate =
CountðStructure hit drugsÞ

CountðTotal drugsÞ � 100%

where for structure hit drugs, at least one known structure was included in the
predicted structures.
The accuracy and hit rate reflect the ability of DeepCSP to detect the potentially

stable crystal structures. The rank of the hit structures reflects the current crys-
tallographic study completeness of the given compound. Qualitatively, the higher
the rank of a crystal structure, the larger the probability that it is themost thermo-
dynamically stable structure. To semiquantitatively characterize the meaning of
ranking, we have collated the ranking distribution of the top-ranked hit structures
for marketed drugs, as shown in Figure 4A. It was found that approximately
15%–45% of the marketed drugs existed more stable crystal forms not identi-
fied,6 the proportions corresponding to the curve of complementary cumulative
distribution function in the rank distribution of marketed drugs is 565 and 227,
respectively. On this basis, the crystallographic study completeness of a given
compound can be tentatively estimated from the rank of the top-ranked hit struc-
tures; a ranking in the top 227 indicates relatively high completeness; a ranking
between 227 and 565 suggestsmoderate completeness; a ranking after 565 can
be considered relatively low completeness. Specific procedures are described in
the supplemental information.
The validation results for the marketed drug dataset are shown in Table 3.

Overall, DeepCSP possesses an accuracy and hit rate of over 80% on the mar-
keted drug dataset, with an average rank of 274.
We conducted a comprehensive evaluation of how the number of candidate

crystal structures affects the performance of DeepCSP. To validate the model’s
accuracy, we narrowed down the screening scope to 500, 300, and 100
ea; FrTPSA_category: discretization category of TPSA/SASA; diopole moment_category:
l symmetry group in 3D space. (B) Comparison of the mean and SD of the continuous
istribution of the real data and the generated data by PCA dimensionality reduction. (D)
fference in correlation between them (right).
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Table 2. Performance of MolGAT

Metrics Training Validation Test

MAE (g/cm3) 0.0336 0.0342 0.0365

MSE (g/cm3)2 0.0019 0.0020 0.0023

RMSE (g/cm3) 0.0436 0.0447 0.0480

R2 0.934 0.932 0.917

ARTICLE
candidates. The results are as follows (Table 3). As the number of candidates de-
creases, both accuracy and hit rates exhibit a declining trend. When we reduced
the number of candidate crystal structures by half to 500, the accuracy and hit
rate still remained consistently above 60% and 70%, respectively. This substantial
improvement enhances DeepCSP’s practical applicability and reference value for
crystal scientists in real-world scenarios. In addition, this efficiency can be
achieved within just 1 core-hour, greatly boosting research and development
efficiency.

For the case study involving the sixth blind test target compounds (XXII–XXVI)
and the 5-methyl-2-[(2-nitrophenyl)amino]-3-thiophenecabonitrile (ROY) organic
compound with 15 different crystalline forms, please refer to the supplemental
information.
DISCUSSION
Thepresent study reports for the first timeapuremachine learning framework,

in the novel pattern for generative models to work in tandem with discriminative
modules, to predict crystal structures for organic compounds. As shown in Fig-
ure 5, referring to the path of first principles–based CSP, DeepCSP has demon-
strated its distinctive advantages. Comparedwith ab initioCSPmethods, the pro-
posed DeepCSP framework has at least four advantages: much faster
computing speed,morepowerful sampling capability, better realistic applicability,
and stronger generalizability.

The prediction speed of the puremachine learning framework far exceeds that
of ab initio CSP methods. The computing time of ab initio CSP methods is esti-
mated to exceed 107 s for each given molecule, depending on the energy calcu-
lation accuracy and hardware conditions. In the sixth blind test,36 25 participating
teams completed 84 submissions, spending a total of over 40million central pro-
cessing unit (CPU)-hours, averaging over 476,900 CPU-hours per submission. As
a comparison, our DeepCSP completes the same tasks on a laptop computer in
less than 1 CPU-hour, demonstrating a remarkable reduction in computing costs
of over tens of thousands of times.

Possible crystal structures generation is the start of lattice energy minimiza-
tion. In ab initio CSPs, there are several types of methods for generating sets
of trial crystal packing. The commonly used generation methods include grid
search, random search, quasi-random search, and their variants. Again, taking
the sixth blind test as a reference,36 15/25 of the submissions adopted the rela-
tively simpler random search methods. However, random searching that
completely relies on random numbers usually requires large-scale sampling to
achieve a complete exploration of the phase space. Quasi-random searches
that consider factors such as the target volume parameter37 incorporate a sim-
ple mapping of random numbers to structural parameters, yet without learning
the complex continuous crystal structure space. Alternative crystal structure
ll
generationmethods include global optimization algorithms such asMonte Carlo
search,38 simulated annealing,39 and evolutionary or genetic algorithms.40,41

These methods have been used to address the challenge of CSP for large and
flexible molecules,42–44 with the attractive feature of finding local minima and
often demonstrating robust performance.12 However, the effective treatment
of the structure, energy, and properties between the molecules, as well as the in-
ternal potentials of the crystal structures, is also achieved by QM calculations,
which implies more investment of computing resources. In addition, it has
been found to match target molecules with molecules of known experimental
crystal structures in the CSD to generate similar crystal structures36; the limita-
tion would be the inability to escape from the existing templates to explore
broader potential molecule packings. Obviously, the explored crystal structures
(approximately 1 million) are still dwarfed by the complete crystal structure
space. The pure machine learning approach we present here can sample from
the learned continuous crystal structure space with a low computing cost.
Furthermore, the generative models possess the ability to explore uninvolved
crystal structure spaces and internalizemolecular property conditions in the gen-
eration process to explore the target structure space in a directed manner.
Following the generation of trial crystal structures, CSPs optimize or minimize

the initial stackand then rank thestructuresbystabilityor likelihoodofoccurrence,
using some form of energy-based metrics. The relative thermodynamic stability
of a polymorph is determined by its free energy consisting of the contributions
of both zero-point and thermal motions to the lattice enthalpy and entropy.36 In
1995, Gavezzotti and Filippini45 proposed that enthalpy was more important
than entropy in determining the stability of polymorphisms. Exploring crystal
structure stability under given conditions of temperature and pressure requires
more expensive quantum dynamics calculations, such as molecular dynamics
simulations with enhanced sampling,46 the Einstein crystal method,47 and so
forth. In contrast, in the proposed pure machine learning–based approach pro-
posed, themodel is trainedon real crystal structureanddensity data at roomtem-
perature and pressure. The model generated learns the vector space tensed by
the actual crystal structure vectors and the graph networkmaps from themolec-
ular structure to thecrystal densityat roomtemperatureandpressure. Theadvan-
tage of such “direct learning”makes our method more practical.
Through its development, ab initio CSP has branched into several directions.

These branches differ in terms of computational accuracy and applicability,
with variations that can be summarized as a distinction in pseudo-potential
and estimate exchange-correlation functional.48–50 The type of forcefield chosen
also varies depending on the type ofmolecule and requires the consideration of a
variety of factors, such as molecular flexibility, short-range or long-range interac-
tions, and so on.51 Although the choice of the appropriate computationalmethod
for a specific case improves the prediction accuracy to some extent, it also raises
the threshold for applying ab initioCSPmethods for scientists in other fields. The
pure machine learning framework trained on various organic compounds pro-
vides a unified computational framework as a pervasive approach, making it
user-friendly for non-CSP experts.
Inspired by the generation-ranking concept of CSP, the present study demon-

strates the potential of puremachine learning CSP for organic compounds using
the stable crystal structure density, which is more feasible for prediction at this
stage, as an indicator for trial structures screening and ranking. However, there
are still limitations, with the most crucial being that the accuracy of the current
stable crystal structure density predictions is still not comparable to that of lattice
Figure 4. Detailed assessment of crystal structure
ranking and density prediction for marketed drugs
(A) Ranking distribution of the top-ranked crystal
structures of marketed drugs; the orange line is the
curve of complementary cumulative distribution
function. (B) Density prediction error (the predicted
value minus the real value) of MolGAT on the mar-
keted drug dataset.
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Table 3. Performance of DeepCSP with different numbers of candidate structures generated

Drug

1,000 500 300 100

Accuracy Hit rate Averaged rank Accuracy Hit rate Averaged rank Accuracy Hit rate Averaged rank Accuracy Hit rate Averaged rank

Monomorph, % 84.85 84.85 260 70.45 70.45 186 53.79 53.79 124 23.48 23.48 48

Polymorph, % 75.37 91.79 296 58.96 84.33 185 35.82 66.42 126 15.67 41.79 43

Total, % 81.29 87.46 274 66.13 75.67 186 47.04 58.54 125 20.54 30.36 46
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energy calculations. In the 1960s, McCrone52 made the famous assertion about
polymorphism: “For given compounds, the number of crystalline forms discov-
ered is proportionate to the amount of time and money spent.” However, fewer
than 3% of the compounds in the CSD are polymorphs, revealing that current
organic crystal structure studies are not sufficient and theremay be a large num-
ber of substable crystalline forms in the CSD with densities smaller than the sta-
ble crystal structures according to the density rules. It is essential to acknowl-
edge that due to data quality, the densities predicted by MolGAT will also be
slightly less than the actual densities of the stable crystal structures. As outlined,
the crystal structures ofmarketed drugs are recognized to be relativelymorewell
investigated, which implies that the predicted densities ofmarketed drugs should
be smaller compared to the actual values. An additional performance evaluation
of MolGAT was carried out using the marketed drug dataset, and the results are
shown in Figure 4B, where the MolGAT predicted densities for marketed drugs
are on the small side, in agreementwith our theoretical hypothesis. This brief veri-
fication demonstrates at least two facts: first, the reliability of the density rules,
and second, that the quality of the current stable crystal structure density dataset
requires further improvement. Therefore, improving the prediction accuracy of
stable crystal structure densities should be an indispensable direction to improve
the performance of DeepCSP for trial crystal structure screening and ranking. Of
course, our proposed density-based pure machine learning organic CSP frame-
work can also be quickly converted to lattice energy or free energy predictions
for quick and more accurate CSP when accurate crystal energy data at specific
temperature and pressure are available. However, the extension of the current
version of DeepCSP to all types of organic compounds is also in our research
scheme.

CONCLUSION
This study has developed a novel pure machine learning framework called

DeepCSP to achieve minute-level rapid CSP for organic compounds. Based on
177,746 crystal structure data entries, a CGAN model was implemented to
address the trial crystal structures generation task in CSP. The embedding of
Figure 5. Comparison of ab initio CSPs and t
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prior knowledge have improved the quality of the generative network. Concur-
rently, a GCNmodel was constructed to predict the stable crystal structure den-
sity of the input compound, and the attention strategy was incorporated to
improve the model performance. Next, the predicted density was innovatively
used as the basis for the screening and ranking of trial crystal structures, inwhich
way the rapid prediction was enabled. Altogether, the proposed innovative pure
machine learning framework combines pioneering ideas, effective technical stra-
tegies, and advanced artificial intelligence algorithms to accelerate CSP, while re-
taining the ability to explore potentially stable organic crystalline forms. The cur-
rent framework holds the potential to serve as a valuable tool in guiding crystal
engineering efforts, and also leading the way to a new era in machine learning–
driven CSP. Looking ahead, with deeper integration into CSPmindsets, DeepCSP
is poised to deliver more reliable stacking information and enhanced generaliza-
tion capabilities.
MATERIALS AND METHODS
See the supplemental information for details.
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