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Co-crystal formation can improve the physicochemical properties of a compound, thus enhancing its
druggability. Therefore, artificial intelligence-based co-crystal virtual screening in the early stage of drug
development has attracted extensive attention from researchers. However, the complexity of developing
and applying algorithms hinders it wide application. This study presents a data-driven co-crystal predic-
tion method based on the XGBoost machine learning model of the scikit-learn package. The simplified
molecular input line entry specification (SMILES) information of two compounds is simply inputted to
determine whether a co-crystal can be formed. The data set includs the co-crystal records presented in
the Cambridge Structural Database (CSD) and the records of no co-crystal formation from extant litera-
ture and experiments. RDKit molecular descriptors are adopted as the features of a compound in the data
set. The developed model shows excellent performance in the proposed co-crystal training and validation
sets with high accuracy, sensitivity, and F1 score. The prediction success rate of the model exceeds 90%.
The model therefore provides a simple and feasible scheme for designing and screening co-crystal drugs

efficiently and accurately.

© 2023 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia

Medica, Chinese Academy of Medical Sciences.

Co-crystals are composed of an active pharmaceutical ingre-
dient (API) and a suitable cocrystal former (CCF) [1], which
are bound through non-covalent interactions, including hydrogen
bonding, -7 stacking, van der Waals forces, and other weak in-
teractions. Co-crystals can improve the physicochemical properties
and biological activity of drugs without any chemical modification
[2-4]. Therefore, co-crystals have elicited extensive interest in the
field of medicine, and co-crystal screening has become an inte-
gral part of drug development. The use of suspension, slow sol-
vent volatilization, and liquid addition milling methods for cocrys-
tal experimental screening is often time consuming; therefore, fast,
high-throughput, and convenient virtual screening techniques for
co-crystals of APIs are necessary. A method based on the ApK,
value of API and CCF was proposed for the prediction of co-crystal
formation [5,6]. The Hansen solubility parameter method was de-
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veloped to predict the formation of drug co-crystals by predict-
ing the degree of miscibility of API and CCF [7-10], and it only
requires knowledge on the chemical structure of the molecule. In
addition, the energy-based molecular electrostatic potential surface
(MEPS) prediction method has elicited widespread interest [11-14].
MEPS analysis is based on density functional theory (DFT), and this
method can be used for qualitative and quantitative analyses of
weak interactions between different molecules [15,16]. However,
because it does not consider the factors of conformation and steric
hindrance, this method sometimes produces unsatisfactory predic-
tion results. Therefore, MEPS combined with conformational anal-
ysis was developed to improve the prediction success rate for co-
crystal formation [17].

Co-crystal screening based on theoretical computations is also
time consuming and requires extensive professional theoretical
knowledge. Therefore, the application of artificial intelligence (AI)
in co-crystal screening has become a new research direction be-
cause it can shorten the experimental cycle, improve research ef-
ficiency, and reduce experimental costs [18]. Several researchers
have used classification and regression algorithms in predicting
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Fig. 1. Flowchart for building a XGBoost machine learning model for co-crystal screening.

co-crystal formation to accelerate co-crystal screening and obtain
high-quality co-crystals [19-24].

In this work, we developed a data-driven co-crystal prediction
method based on the eXtreme Gradient Boosting (XGBoost) model
[25]. Fig. 1 showed the flowchart of the study. The co-crystal data
in the Cambridge Structural Database (CSD) of the Cambridge Crys-
tallographic Data Centre (CCDC) and the data recorded as no co-
crystal formation in experimental screening were used as the data
set for model training. The structures of API and CCF were repre-
sented by SMILES strings. RDKit molecular descriptors computed
from the input SMILES strings were used as the features of the
corresponding compound, which were computed by the ChemDes
website [26]. The advantages of this co-crystal prediction method
are simple implementation, intuitive results, a high success rate,
and ease of use.

Python scripts were written using the Python interface provided
by CCDC to obtain the co-crystal records from CSD, including the
constituent molecules and their stoichiometry. The records con-
taining ions, solvents, and disordered atoms were removed, and
in accordance with the general stoichiometric ratio used in the
co-crystal experimental screening, the records with API:CCF ratios
of 1:1 were extracted as the positive data of co-crystals; 4061
co-crystal records were obtained. The records in which non-co-
crystals were formed were obtained from references [27] and ex-
perimental data in our laboratory. These records (4155 non-co-
crystal records) were summarized as the negative data set of co-
crystals. These 8216 records were employed as a data set for the
co-crystal prediction study.

A total of more than 3211 compounds were included in the data
set. The compounds were stored using canonical SMILES strings,
and their structural information was transformed to .sdf files for
the computation of molecular descriptors on the ChemDes web-
site. At present, many software or programs can be used to cal-
culate molecular descriptors. The ChemDes website allows users
to compute 3679 molecular descriptors from several open-source
packages, including Chemopy Descriptors (1135) [28], CDK Descrip-
tors (275) [29], RDKit Descriptors (196) [30], Pybel Descriptors (24)
[31], BlueDesc Descriptors (174) [32], and PaDEL Descriptors (1875)
[33]. This website also provides the computation of 59 types of
molecular fingerprints. Preliminary tests have shown that simply

Table 1
The scores and cross-validation scores of different classifiers in the preliminary
evaluation.

Classifier Score Cross-validation score
XGB 0.9599 0.9630
RF 0.9580 0.9615
GB 0.9307 0.9407
KNN 0.8893 0.8659
DT 0.9179 0.9210
AB 0.8887 0.8908
LDA 0.8571 0.8663
QDA 0.7238 0.7325

increasing the number of molecular descriptors does not signif-
icantly improve the prediction success rate of the model, but it
increases the computational workload. This study selected RDKit
molecular descriptors as the features of compounds in data set.

The research used a classification method to carry out machine
learning. The records of the co-crystals were labeled as 1, and 0
was used for non-co-crystals. Among the 196 RDKit descriptors,
80% of the calculated features with zeroes were removed, and the
remaining 143 descriptors were used as compound feature vec-
tors. Then, 80% of the records were used for training, and 20% was
adopted for testing. This study performed a preliminary evalua-
tion of nine classification models of scikit-learn (version 1.1.1) [34],
namely, gradient boosting (GB), adaptive boosting (AB), extreme
gradient boosting (XGB), random forest (RF), k-nearest neighbors
(KNN), decision tree (DT), linear discriminant analysis (LDA), rect-
angular discriminant analysis (QDA), and multi-layer perception
(MLP) classifiers. The nine classifiers with the default parameters
were used for the preliminary evaluation of machine learning, and
the results are shown in Table 1.

Except for QDA, the classifiers showed good classification per-
formance for co-crystals and non-co-crystals in this data set, with
scores and cross-validation scores of more than 80%. XGB, RF, GB
and DT all had scores above 92%, but XGB performed the best
among them. Therefore, XGB classifiers were selected as the ma-
chine learning model for further hyperparameter optimization. This
decision was also based on the reported excellent performance of
this model and the fact that it is the go-to algorithm of compe-



D. Yang, L. Wang, P. Yuan et al.

—_
—
~

The Positive Rate

04 0.6 08 1.0
False Positive Rate

(b)

0.6 — st

mlogloss

iterations

Fig. 2. The results of model evaluation and validation. (a) AUC-ROC curve; (b) logloss vs iteration curve;

0.14

0.12

0.10

0.08

oD

0.06

Importance (%)

0.04

IO WOy SAvap

W
. vsvamqe

L7y
o
RN AN R |

0.02

- IO
- [O———
. IVSA™403d

B osewornany

Features

Fig. 3. Feature importance histogram of the top 12 descriptors.

tition winners on the Kaggle competitive data science platform.
After adjusting the hyperparameters of the XBG model, includ-
ing learning_rate, max_depth, n_estimators, min_child_weight, and
gamma, the final model score reached 97.69%.

Various methods were used to evaluate the model and draw the
receiver operating characteristic (ROC) curve. The area under the
curve (AUC) reached 99%; notably, the closer AUC is to 1, the bet-
ter the performance is in distinguishing the two classes (Fig. 2a).
The logarithmic loss function (logloss) versus iteration times curve
was plotted and is shown in Fig. 2b. The results showed that after
400 iterations, logloss was basically stable and maintained at a low
level. The model accuracy, recall rate of prediction, and F1 score
were also evaluated, and the scores were all above 97% (Fig. 2c).
The prediction results of the test set were used to draw a confu-
sion matrix to evaluate the model (Fig. 2d). The results revealed
that among the 1644 (20%) predicted data items, 799 were true
positives, 807 were true negatives, 15 were false negatives, and 23
were false positives. This finding indicates that the proportion of
model error classification was small, and the model had excellent
classification accuracy.

Furthermore, the feature importance of 143 molecular descrip-
tors was analyzed. Fig. 3 shows a histogram of the importance of
the top 12 features. The descriptor named HeavyAtomCount, which
represents the number of heavy atoms of a molecule, was the most
important. The descriptors Chi0 and Chil followed HeavyAtom-
Count; they belong to connectivity descriptors and are from Eqgs.
1, 9 and 10 in Ref. [35]. The meanings of all descriptors are listed
in Table 2 in the order of importance. The descriptor HeavyAtom-
Count appeared to be important mainly due to the higher weights
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of the heavy atoms (C, N and O) in CCF of co-crystal records in the
dataset.

As shown in Fig. 4, a branch of the decision tree within the
trained XGBoost model was plotted using Graphviz [37], which
clearly showed the decision-making process of the model. Each
decision-making process started with a feature and its value. When
the predicted value was less than the value, the decision-making
process developed downward along the left branch; when the pre-
dicted value was greater than or equal to the value, the process
developed downward along the right branch. The process ended
when the final judgment was given. Notably, the size of decision
trees in the trained XGBoost can be tuned by the max_depth pa-
rameter.

Shapley additive translation (SHAP) is a model explanation
package developed by Python [38], and it is a game theory ap-
proach to explaining each machine learning model’s individual out-
put. In this work, SHAP was used to visualize the prediction results
of two cases belonging to two classes by using force and waterfall
plots.

In the force plot, the average value of model output and train-
ing data values, namely, the base value, was calculated and found
to be 0.4956 in this model. Starting from the base value, the fea-
tures that pushed the prediction higher and lower were presented
in red and blue, respectively. The longer the arrow was, the greater
the impact of the features was on the output value. For example, as
indicated in Fig. 5a, the feature BertzCT played the most important
role in the red force that pushed the predicted value up, whereas
the features ExactMolWt, ChiO, and HeavyAtomMolWt played the
most important role in the blue force that pushed the predicted
value down. The final force balance value was the predicted value
of 0.00. The process was similar in another case, and the predicted
value in Fig. 5b is 1.00.

The waterfall plot was also used to visualize the interpretation
of individual predictions. The waterfall plot started with the ex-
pected value of the model output at the bottom, and each row
showed the positive (red) or negative (blue) contribution of each
feature, that is, how the features pushed the values from the
model’s expected output on the data set to the model’s predicted
output. The same cases used in the force plot were selected, and
similar results were obtained (Figs. 5¢ and d).

Then, co-crystal prediction was conducted for the APIs of praz-
iquantel (PZQ) and nefiracetam (NFC) with 8 and 3 CCFs, respec-
tively, by using the XGB model. We are conducting co-crystal stud-
ies on the two drugs, and they can be used to validate the predic-
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Table 2
The descriptions of the top 12 descriptors in order of feature importance.

Chinese Chemical Letters 34 (2023) 107964

No. Descriptor name Description Dimention Extended class
1 HeavyAtomCount Number of heavy atoms of a molecule 1D Constitutional descriptors
2 Chi0 From Egs. 1, 9 and 10 of Ref. [27] 2D Connectivity descriptors
3 Chi1l From Eqgs. 1, 9 and 10 of Ref. [27] 2D Connectivity descriptors
4 BertzCT A topological index meant to quantify "complexity" of 2D Topological descriptors
molecules [36]
5 HeavyAtomMolWt The average molecular weight of the molecule 1D Constitutional descriptors
ignoring hydrogens
6 ExactMolWt The molecule’s exact molecular weight 2D Molecular property descriptors
7 MolWt The average molecular weight of the molecule 2D Molecular property descriptors
8 NumValenceElectrons The number of valence electrons the molecule has 1D Constitutional descriptors
9 LabuteASA Labute’s Approximate Surface Area (ASA from MOE) 2D MOE-type descriptors
10 MinPartialCharge Returns molecular charge descriptors 2D Topological descriptors
11 PEOE_VSA1 MOE Charge VSA Descriptor 1 (-inf < x < -0.30) 2D MOE-type descriptors
12 Ipc The information content of the coefficients of the 2D Topological descriptors
characteristic polynomial of the adjacency matrix of a
hydrogen-suppressed graph of a molecule
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Fig. 4. A branch of the decision tree within the trained XGBoost model.

tion accuracy of the model. PZQ is the most effective and widely
used drug of choice for treating schistosomiasis [39-41]. NFC is
a nootropic compound typically administered as a cognitive en-
hancer [42,43]. Both drugs belong to biopharmaceutical classifica-
tion system (BCS) II, that is, their solubilities are low. Therefore,
the study of co-crystals is expected to improve their solubilities.
The structural formulas of APIs and CCFs are shown in Fig. S1
(Supporting informatin). The model predicted that PZQ could form
co-crystals with all 8 CCFs, which was consistent with the experi-
mental results [17,44,45]. The prediction results indicated that NFC
could form co-crystals with tartaric acid (TA) but not with maleic
acid (MA) and fumaric acid (FA). However, the experimental results
showed that NFC could form co-crystals with MA.

When analyzing the reasons for the failure of the co-crystal pre-
diction of NFC-MA, we noticed that MA and FA were cis-trans iso-

mers, and their SMILES files were the same. As a result, the devel-
oped model could not distinguish their 3D structures. In addition,
in the co-crystal data set containing the SMILES file of butenedioic
acid, the data of FA predominated. In the experimental screening,
NFC and FA could not form co-crystals, which was the main rea-
son for the prediction failure. This particular result suggests that
the usage of 3D molecular descriptors to distinguish isomers could
be one of the research directions in future model upgrade.

Fig. 6 shows the asymmetric unit and molecular packing in a
unit cell of the co-crystals of NFC. Crystallographic information is
listed in Table S1 (Supporting information). Additional characteri-
zation results of the co-crystals are also applied, including PXRD
patterns (Figs. S1 and S2 in Supporting information), DSC curves
(Fig. S3 in Supporting information) and IR spectrum (Fig. S4 in
Supporting information).
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Fig. 6. The asymmetric unit (up) and molecular packing in a unit cell (down) of cocrystals of NFC: (a) NFC-TA; (b) NFC-TA; (c) NFC-MA; (d) NFC-MA.

The developed XGBoost machine learning model demonstrated
excellent performance, and its prediction success rate exceeded
90%. All of the predicted co-crystals in this study were synthe-
sized experimentally; among them, the co-crystals of PZQ have
been published in previous research, but the co-crystals of NFC are
reported here first. The model can be used as a powerful tool for
co-crystal prediction and design in the field of drug research.
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