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ABSTRACT: The ever-increasing demand for novel drug development has
spurred the adaptation of conventional research methods in the era of artificial
intelligence. Pharmaceutical crystallization, as an essential part of drug develop-
ment, has become a thrilling research frontier that reduces screening labor via
integrating automated high-throughput platforms with in situ monitoring and data-
driven algorithms (e.g., machine learning) to predict physicochemical properties
and various solid-state forms. In this review, we started with a primer to introduce
the machine learning algorithms that are widely used in pharmaceutical
crystallization. Then, we systematically summarized recent advancements on
high-throughput platforms to acquire huge amounts of data sets, prediction of
physicochemical properties based on abundant experimental data, optimization and
monitoring of pharmaceutical crystallization process to screen crystallization
conditions, and prediction of polymorphs and cocrystals. Finally, we discussed the
challenges and opportunities in an endeavor to develop a fully automated
pharmaceutical crystallization screening paradigm for ultimately realizing a self-
driving screening laboratory. This review highlights the frontier of artificial
intelligence in pharmaceutical crystallization and offers a guideline for beginners to
not only understand the basic principles of machine learning algorithms but also learn how to utilize machine learning to accelerate
pharmaceutical crystallization development.

■ INTRODUCTION
The demand for pharmaceutical development is continually
increasing,1 as it prioritizes the well-being of all humankind.
Crystallization of active pharmaceutical ingredients (API) plays
a central role in the development of various pharmaceutical solid
forms such as polymorph, cocrystals/salt, and solvate,2 which
significantly impacts product solubility, bioavailability, and
stability.3,4 Approximately 80% of APIs are manufactured
through the unit operation of crystallization.5 Obtaining the
desired pharmaceutical crystals (i.e., specific crystal structure
and morphology) requires significant investments in screening
solid-state forms, identifying the most suitable crystalline form
for further development, and exploring crystallization conditions
for reproducible production of exact polymorph with superior
crystal morphology.6 Moreover, prior to human trials, adequate
information on drug candidates is required, such as potential
crystal forms, physical properties, and manufacturing capabil-
ities. This step is crucial in preventing issues, for example, failure
to scale up in later stages of development. However, the current
approach to fulfill these tasks still relies on trial and error, the
success of which depends upon the well-trained skills of human
scientists, with the guidance of crystallization mechanisms and
physiochemical rules.7 This paradigm rarely evolved in past
decades, creating a bottleneck that hinders the advancement of
crystallization screening to meet the demands of drug discovery

companies and pharmaceutical manufacturers. The remarkable
progress of pharmaceutical crystallization is to transform the
current paradigm into a new one via the assistance of artificial
intelligence (AI).
The trial-and-error approach has been widely employed for

screening and optimizing crystallization conditions, as well as for
developing cocrystals and selecting conformers.6 High-through-
put experiments excel in simultaneously performing multiple
tasks, thereby greatly enhancing the efficiency of a single batch of
experiments.8 Nonetheless, a challenge arises in analyzing the
abundant characteristic data, which often lags behind the rate at
which data is acquired. On the contrary, AI encompasses a range
of technologies that enable computational systems to perform
functions conventionally necessitating human cognitive capa-
bilities, including the acquisition of knowledge, logical
deduction, sensory interpretation, and the act of making
informed judgments.9 Its importance is growing in the realm
of big data analytics, as it enables the rapid and efficient

Received: November 27, 2023
Revised: April 26, 2024
Accepted: April 26, 2024
Published: May 3, 2024

Reviewpubs.acs.org/crystal

© 2024 American Chemical Society
4245

https://doi.org/10.1021/acs.cgd.3c01408
Cryst. Growth Des. 2024, 24, 4245−4270

D
ow

nl
oa

de
d 

vi
a 

U
N

IV
 O

F 
A

L
A

B
A

M
A

 o
n 

Ju
ne

 2
2,

 2
02

4 
at

 1
4:

38
:2

2 
(U

T
C

).
Se

e 
ht

tp
s:

//p
ub

s.
ac

s.
or

g/
sh

ar
in

gg
ui

de
lin

es
 f

or
 o

pt
io

ns
 o

n 
ho

w
 to

 le
gi

tim
at

el
y 

sh
ar

e 
pu

bl
is

he
d 

ar
tic

le
s.

NOVARTIS EXHIBIT 1083 
Novartis v. Regents, IPR2023-01346 

Page 1 of 26

https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Zuoxuan+Zhu"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Zuoxuan+Zhu"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Yuan+Zhang"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Yuan+Zhang"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Zhixuan+Wang"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Zhixuan+Wang"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Weiwei+Tang"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Weiwei+Tang"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Jingkang+Wang"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Jingkang+Wang"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Junbo+Gong"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Junbo+Gong"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/showCitFormats?doi=10.1021/acs.cgd.3c01408&ref=pdf
https://pubs.acs.org/action/showCitFormats?doi=10.1021/acs.cgd.3c01408&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.cgd.3c01408?ref=pdf
https://pubs.acs.org/doi/10.1021/acs.cgd.3c01408?ref=pdf
https://pubs.acs.org/doi/10.1021/acs.cgd.3c01408?goto=articleMetrics&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.cgd.3c01408?goto=articleMetrics&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.cgd.3c01408?goto=recommendations&?ref=pdf
https://pubs.acs.org/doi/10.1021/acs.cgd.3c01408?goto=recommendations&?ref=pdf
https://pubs.acs.org/doi/10.1021/acs.cgd.3c01408?fig=agr1&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.cgd.3c01408?fig=agr1&ref=pdf
https://pubs.acs.org/toc/cgdefu/24/10?ref=pdf
https://pubs.acs.org/toc/cgdefu/24/10?ref=pdf
https://pubs.acs.org/toc/cgdefu/24/10?ref=pdf
https://pubs.acs.org/toc/cgdefu/24/10?ref=pdf
https://pubs.acs.org/toc/cgdefu/24/10?ref=pdf
https://pubs.acs.org/toc/cgdefu/24/10?ref=pdf
https://pubs.acs.org/toc/cgdefu/24/10?ref=pdf
https://pubs.acs.org/toc/cgdefu/24/10?ref=pdf
pubs.acs.org/crystal?ref=pdf
pubs.acs.org/crystal?ref=pdf
https://pubs.acs.org?ref=pdf
https://pubs.acs.org?ref=pdf
https://pubs.acs.org?ref=pdf
https://pubs.acs.org?ref=pdf
https://doi.org/10.1021/acs.cgd.3c01408?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.cgd.3c01408?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://pubs.acs.org/crystal?ref=pdf
https://pubs.acs.org/crystal?ref=pdf
https://pubs.acs.org/crystal?ref=pdf
https://pubs.acs.org/crystal?ref=pdf


processing and analysis of vast amounts of data, surpassing the
capabilities of human analysts. Machine learning (ML) stands as
an important subdivision of AI, exerting a substantial influence
on nearly every aspect of the world in recent decades. Its
application spans various research fields, such as computer
vision,10 natural language processing,9 health care,11 and
beyond, driving paradigm shifts in these fields. Deep learning
(DL) algorithms, in particular, demonstrate exceptional
capabilities by learning from data sets and extracting insights
and patterns from big data that might otherwise be arduous or
unattainable compared to traditional algorithmic models.
In recent times, ML has emerged as a valuable instrument

within the domain of crystallization, offering fresh perspectives
and showcasing its capacity to confront enduring challenges
encountered in the advancement of the crystallization process.
These encompass data-centric monitoring, modeling, and
control, as well as the prediction of physicochemical properties
and crystallization behavior.12 By integrating ML into
pharmaceutical crystallization, a promising new paradigm in
drug development has emerged, showing tremendous potential
in accelerating drug discovery. These applications primarily
revolve around result prediction and process monitoring. ML
algorithms enable the prediction of various aspects of crystalline
materials, such as physicochemical properties,13 crystal
structures,14 and cocrystal conformers.15 This prediction
capability reduces the burdensome workload involved in
labor-intensive solid-form screening experiments. Besides, ML
algorithms can be utilized in process analytical techniques for in
situ monitoring of crystallization process,16 identification and
classification of crystals,17 collection of multidimensional crystal
morphology data,18 and optimization and screening of
crystallization conditions.19 Apart from process monitoring
and result prediction, a substantial amount of data from high-
throughput experiments is necessary to train artificial neural
networks. This necessitates the use of microfluidic or microwell
platforms with in situ monitoring technologies.
Recently, Xiouras et al. reviewed applications of AI and ML

algorithms to industrial crystallization.20 A systematic review on
data-driven algorithms and high-throughput platforms which
stand for the combination of software (algorithms) and
hardware (platforms), nonetheless, is still lacking for screening
and optimization conditions of AI-assisted pharmaceutical
crystallization. Therefore, this progress report studies the recent
advancements in this field and primarily centers around the early
stage of drug development. In particular, our focus lies on the
following areas, where significant progress has been achieved in
recent years: (a) the construction of high-throughput
crystallization platforms to acquire abundant data for ML

(Section 2); (b) the prediction of physicochemical properties of
pharmaceutical crystals (Section 3); (c) the screening and
optimization of drug crystallization conditions with the aid of
convolutional neural network based on the image segmentation
algorithm (Section 4); (d) the prediction of polymorph and
cocrystals with the aid of AI algorisms (Section 5).
1.1. Overview of Machine Learning Algorithms. ML is

one of the branches of AI and is at its core. ML research aims to
allow computers to learn, simulate human learning behavior,
build learning capabilities, and finally achieve recognition and
judgment. Data is an essential component of ML. Data labels are
the key information to characterize the sample. According to the
presence or absence of labels, ML can be divided into two
categories: supervised learning and unsupervised learning.
Common algorithms of ML are presented in Scheme 1.
1.1.1. Supervised Learning. Supervised learning can be

divided into regression models and classification models
depending on whether the labels are continuous or discrete.
Supervised learning is the more mature and powerful of the ML
algorithms and is used for mostML studies in drug development
for example mapping chemical components to properties of
interest.21

Regression Model. The regression model learns the mapping
function between features and continuous labels, and the
characteristics of the function determine the type of regression
model. If there is a linear relationship between features and
labels, which satisfies a multiple primary function, the model is a
linear regression. For polynomial linear regression, the higher
complexity often introduces overfitting problems, which can be
avoided by adding regular terms, and linear regression that leads
to regularization operations is called regular linear regression.
Classification Model. Classification models are designed to

classify data into discrete categories. Different from the
regression model, the classification task can be accomplished
by learning the mapping relationship between samples and
discrete labels, as well as from the perspective of data generation.
If the mapping relationship can be directly learned by the
mapping function, the model is called a nonprobabilistic
discriminant model, which is widely used in pharmaceutical
crystallization.
K-Nearest Neighbor Algorithm. The K-nearest Neighbor

Algothrim22 classifies a sample into a certain category if the
majority of its k-most similar samples (i.e., nearest in feature
space) in the feature space also belong to the same category.
This method relies exclusively on the classification decisions
made by its nearest one or a few samples to determine the class
to which a sample should be assigned.

Scheme 1. Common Algorithms of Machine Learning
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Support Vector Machine Algorithm. The Support Vector
Machine (SVM) algorithm23 operates by transforming input

vectors into a high-dimensional feature space, establishing a
linear decision boundary that enhances the network’s general-

Figure 1. Structure of deep learning algorithms based on convolutional neural networks. Reproduced with permission from ref 42. Copyright 2022
Elsevier. (a) LeNet-5 model for image classification;43 (b) R-CNN model for object detection;44 (c) FCN model for semantic segmentation;45 (d)
Mask R-CNN model for instance segmentation.46
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ization capacity. Only a small subset of training data, known as
support vectors, is crucial to create these optimal hyperplanes, as
they define the margin between classes. For this reason, SVM is
featured as its ability to control model capacity and effortlessly
adjust the decision boundary. In addition, the SVM algorithm
has significant advantages in the prediction of physicochemical
properties of pharmaceutical crystals.24

Random Forests Algorithm. Random forests25 is an
ensemble learning algorithm comprised of multiple tree
predictors, where each tree relies on the values of a random
vector sampled independently and from the same distribution
for all trees within the forest. This strategic use of randomness
enhances their accuracy as classifiers and regressors. Random
Forests exhibit robustness against outliers and noise, and they
demonstrate resilience against overfitting. Additionally, they
possess the capability to assess the importance of input variables,
making them a valuable tool in various ML applications. It has
been applied to predict the crystallization propensity of API26

and protein.27

1.1.2. Unsupervised Learning.Unsupervised learning28 does
not rely on the labels of the sample, and it can learn the internal
structure or deep features of the data. Unsupervised learning is
commonly applied for broad data analysis and classification
purposes, or to discover hidden patterns within extensive data
sets. Clustering and data dimensionality reduction are two
typical unsupervised learning methods. Particularly, the
application of dimensionality reduction techniques is quite
necessary for feature extraction of raw data.29

Clustering Method. Segmented clustering is often used when
the number of categories to be divided is known or can be preset,
otherwise hierarchical clustering can be considered to divide the
sample into structural categories with hierarchical relationships.
Dimension Reduction Method. For data dimensionality

reduction, a more common approach is to utilize Principal
Component Analysis (PCA),30 which can significantly reduce
the dimensions of a data set while retaining as much of the data’s
variation as achievable. By capturing the essential patterns in the
data, PCA simplifies complex data sets, making them more
manageable for further analysis and interpretation.
Different prediction tasks correspond to differentmodels. The

prediction of physicochemical properties may be a regression
problem (e.g., predicting solubility31) or a classification problem
(e.g., crystal structure prediction32). For example, regression
models such as linear regression, and logistic regression can be
used to predict continuous physicochemical properties, whereas
classification models such as random forests, decision trees, or
convolutional neural networks can be used to predict
classification results. In addition, the interpretability of models
is important in drug discovery. Some models such as decision
trees and linear regression have good interpretability, whereas
deep learning models may be more difficult to interpret.24 In
conclusion, the choice of algorithm is the result of multiple
factors.
1.1.3. Artificial Neural Networks. The concept of artificial

neural networks (ANN) originated from the simulation and
study of the working principles of biological neural systems. The
development of ANN started with supervised learning and
gradually expanded to unsupervised learning. The fundamental
structure of ANN consists of neurons organized into layers,
along with a learning algorithm (e.g., backpropagation) that
adjusts the weights during training. Neurons receive multiple
inputs and generate a single output. DL algorithms leverage
neural networks with numerous layers to learn and model

intricate patterns in data. Here we introduce three common DL
algorithms.
Feedforward Neural Networks. Feedforward neural net-

works (FFNN)33 are the predominant type of ANN. These
networks are composed of multiple interconnected layers, where
each neuron in a particular layer receives input from the neurons
in the preceding layer. The training of FFNNs commonly
involves the backpropagation algorithm. In the field of
crystallization, FFNNs are frequently employed for various
applications, including the prediction of optimal crystallization
conditions and the optimization of parameters in industrial
crystallization processes.34

Recurrent Neural Networks. Unlike FFNNs, RNNs possess
feedback connections, Recurrent neural networks (RNN)35

enable them to effectively process sequential data, including
time series data and crystal growth data. These capabilities make
RNNs suitable for a multitude of applications for example
prediction of crystal growth rate.36

Convolutional Neural Networks. Convolutional neural
networks (CNN)37 are widely recognized for their effectiveness
in image processing, making them a valuable tool for
accelerating crystal identification in the optimization of
crystallization conditions. Furthermore, CNNs have proven
useful in other areas of crystallization research such as the
analysis of crystal structures38 and the classification of
crystallographic images.39

1.2. Image Segmentation Models. Traditional image
processing methods typically convert images to an 8-bit format
and segment crystals based on grayscale features,40 such as the
open-access software ImageJ.41 However, it is sensitive to
background noise and has poor robustness. Other traditional
image processing methods their characteristics and applications
have been reviewed in another review.42 In brief, traditional
methods have limitations when it comes to the automated
handling of images and distinguishing crystals with varying
morphologies. Moreover, these methods necessitate the use of
high-quality images, requiring complex preprocessing, including
adjusting contrast, manually separating polycrystals, etc.41 Based
on DL image segmentation methods, crystals can be classified or
identified using the pre-trained model from simple preprocessed
images (e.g., resizing images). By leveraging computer vision
models, thousands of outputs can be analyzed within minutes
from high-throughput screen experiments.
Deep Learning Based Image Segmentation Models. The

classification of objects in images and the measurement of their
morphology can be divided into four stages of image
classification, ranging from simple to complex. We illustrated
each stage with a representative model.
Image Classification. Image classification refers to the

process of labeling images with their corresponding categories.
As illustrated in Figure 1 (a), the algorithms for image
classification typically follow a fundamental structure: Convolu-
tional layer → Batch normalization layer → Activation function
→ pooling layer.43 The convolutional layer is responsible for
extracting features from the image. After the data is normalized,
the model approximates the nonlinear function by applying the
ReLu function to the input. The pooling layer is then employed
to reduce the spatial dimensions. An example of a classical
convolutional network is LeNet-5, which is often used for
handwriting character recognition.43

Object Detection. Image classification involves the assign-
ment of a single label to the entire image, whereas object
detection goes a step further by localizing and classifying
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multiple objects within the image using bounding boxes. This
capability enables object detection to handle more complex
images. The region-based convolutional neural network (R-
CNN) algorithm is the representative algorithm, as shown in
Figure 1 (b).44 It begins by extracting region proposals from the
input image. These proposals are then processed using a large
CNN to calculate their features. Finally, the outcome provides
information about the likelihood of an object being classified as a
specific class within a given region.
Object classification is of utmost importance for the

recognition of crystals, which enables the differentiation of
crystals with distinct morphologies into separate categories. An
example of such an algorithm is CrystalNet, which is a protein
crystal image labeling algorithm proposed by Yann and Tang in
2016.47 It achieves a classification accuracy of 90.8%, a
significant improvement when compared to the traditional
models based solely on image grayscale values.
Semantic Segmentation. Semantic segmentation involves

the segmentation of an image at the pixel level, where each pixel
is classified into a specific class. Generally, it outputs a bounding
box that depicts the object edge, enabling to identify and localize
objects. The fully convolutional network (FCN), Figure 1 (c),
generates predictions for each pixel, thereby preserving the
spatial information on the original input image.45 Ultimately, the
model assigns a respective label to each pixel in the feature map.
Object detection enables the identification of crystals with
various types or morphologies in an image. However, it is unable
to separate single objects belonging to the same classes, having

difficulty in acquiring the morphology feature of individual
objects.48

Instance Segmentation. Instance segmentation involves the
separation of objects into individual instances within the same
class. For example, if there are three planes in an image, instance
segmentation will split each plane into a separate object, all
labeled as “Plane”. Semantic segmentation, on the other hand,
labels the entire group of planes as a single “Plane” entity. Mask
R-CNN,46 which is built upon the foundation of Fast R-CNN, is
a classical instance segmentation model that predicts the
category of each object by creating a mask that covers each
instance. Figure 1 (d) illustrates the process of object detection
and mask generation by instance segmentation. Mask R-CNN
incorporates an RPN layer, which is responsible for identifying
potential object locations. These branches perform tasks such as
classification, coordinate regression, and segmentation, enabling
the creation of masks for each instance.
The introduction of instance segmentation algorithms has

significantly enabled the acquisition of multidimensional
information and advanced the capabilities of particle analytical
technology tools. Crystal morphology-related information could
be obtained quickly and in large quantities, including parameters
such as count, surface area, length, and width of crystals. This
information facilitates the studies of crystallization kinetics, the
crystallization process itself, and the phase transformation
process, which will be reviewed in detail in Chapter 4.

Figure 2. Fabrication of a microfluidic chip, channel structure, and experiment procedures. (a) Fabrication procedure of a microfluidic device.
Reproduced with permission from ref 60. Copyright 2017 Royal Society of Chemistry; (b) channel structure of concentration gradient generator chip.
Reproduced with permission from ref 62. Copyright 2017 American Chemical Society; (c) droplet generation in microfluidic devices. Reproduced
with permission from ref 63. Copyright 2014 Royal Society of Chemistry; (d) microfluidic-based crystallization screening platform for protein
crystallization. Reproduced with permission from ref 64. Copyright 2018 Elsevier.
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2. THE CONSTRUCTION OF A HIGH-THROUGHPUT
CRYSTALLIZATION PLATFORM

In the pharmaceutical industry, API crystals often require high-
quality attributes such as high chemical purity, unique crystal
structure, good crystal shape, appropriate size, and size
distribution, which are influenced by various factors, including
the supersaturation,49 temperature,50 solvent composition,51

diffusion rate,52 etc. To obtain the optimum crystallization
technology, high-throughput screening experiments are essen-
tial to optimize crystallization conditions.8,53 Moreover, the
effectiveness of ML algorithms heavily depends on having access
to large quantities of high-quality data for modeling training.
Without these data sets, AI systems might struggle to recognize
patterns and make accurate predictions in new situations. Over
the past decade, two high-throughput crystallization platforms
were developed based on microfluidic devices and well-based
experiments. These platforms could provide highly efficient
approaches to collecting high-quality data, facilitating the
modeling and optimization of crystallization processes. By
integrating the advantages of high-throughput platforms with AI,
the efficiency of process development of crystallization has been
significantly improved with better control of product quality.
2.1. Microfluidic Devices. Microfluidic devices provide a

unique advantage over traditional methods in terms of creating a
free-convection environment that promotes the formation of
high-quality crystals.54 This technique has been widely adopted
in high-throughput screening.55 By virtue of micrograms drug, a
diverse array of operational parameters can be systematically
investigated, affording an expedient means of assessing various
crystallization conditions. Within the pharmaceutical develop-
ment context, microfluidic platforms were meticulously tailored
to facilitate the screening of distinct solid-state forms of APIs,56

facilitating the early-stage screening of solid forms in drug
development.
In this subsection, we first reviewed the fabrication of

microfluidic devices and the associated materials, followed by
three types of microfluidic devices that are extensively used in
high-throughput crystallization screening. Then, the progress of
on-chip in situ monitoring technology was summarized to
improve the efficiency of the screening of crystallization
conditions
Fabrication of Microfluidic Devices. Selecting the optimum

material is the fundamental step in microfluidic device
fabrication. Since the effect of surface properties at a microscale
level on crystallization may be amplified, the materials of the
platform are likely to affect the product quality.57 To address the
issue of solvent incompatibility in the device,58 hybrid materials
like polydimethylsiloxane (PDMS) and glass were chosen as the
replacement. PDMS is commonly used as a substrate to create
microchannels and chambers, while glass is used for sealing and
providing optical windows. This combination offers great
advantages such as reduced swelling, improved solvent
compatibility, and enhanced optical transparency.59

The common technique used for microfluidic device
fabrication is soft lithography, which involves several steps
illustrated in Figure 2 (a).60 The process begins with the creation
of a hard master, typically using silicon as the substrate. PDMS is
subsequently poured into the mold, subjected to a heat-curing
process, removed, and ultimately affixed to a glass substrate
through the application of plasma treatment. Soft lithography
offers several benefits, including the ability to produce high-
resolution replicas at a lower cost and faster pace compared to

traditional photolithography methods. It also allows for the
creation of intricate fluidic paths and pneumatic control lines by
stacking multiple layers, enabling the generation of a larger
number of channels or chambers to accommodate diverse
crystallization conditions. Furthermore, the flexibility and
exceptional optical transparency of the chip structure render it
a convenient choice for the in situ monitoring of the
crystallization process.61 Nevertheless, it is imperative to
acknowledge that soft lithography is a relatively cost-intensive
procedure, frequently necessitating a cleanroom environment.
Versatile Microfluidic Device. One notable advantage of

microfluidic devices in screening crystallization conditions is
their ability to effortlessly generate a series of solute
concentration combinations. Concentration gradient generator
microfluidic devices, in particular, are often used in this context.
In concentration gradient generators, an array of channels is

employed to create a sequence of concentration combinations
by dividing and subsequently recombining input solutions.65

Each channel containing a specific combination of concen-
trations represents an independent crystallization condition, as
shown in Figure 2 (b). This method relies on controlling the
diffusive mixing of the flows within the network of micro-
channels. Through the controlled flow of multiple fluid streams,
each containing distinct solute concentrations, in a laminar and
parallel configuration, stepwise concentration gradients are
established perpendicular to the direction of fluid flow.66

This technique for gradient generation facilitates the
convenient exploration of an extensive spectrum of solvent
compositions and concentrations within a single microfluidic
device. By varying the input solutions and their flow rates,
different gradients can be generated, enabling efficient screening
of crystallization parameters under various conditions. The
capacity to generate multiple autonomous conditions within a
compact device enhances the throughput and efficiency of the
screening process, thereby expediting the determination of
optimal crystallization operation conditions.
In recent years, there has been a notable surge of interest in

droplet-based microfluidic crystallization, as it permits the swift
acquisition of data for studying nucleation kinetics and
conducting screening of crystallization conditions.64 In this
methodology, reactions are encapsulated within monodisperse
droplets, with each droplet serving as a microchamber. This
encapsulation is achieved by introducing reagent phases into an
immiscible carrier fluid. The size and uniformity of the
generated droplets can be finely regulated through manipulation
of the relative velocity and viscosity within four distinct channel
configurations: capillaries,67 flow-focusing,68 Y and T-junc-
tions.69 Researchers have developed cost-effective and easy-to-
use droplet-based microfluidic platforms for screening protein
crystallization conditions.64 By controlling the droplet volume
through the velocity of the injection pump, the impact of droplet
size on crystal quality was studied. As illustrated in Figure 2 (c),
the protein and precipitant are initially blended at a T-junction
and subsequently amalgamated with oil via a flow-focusing
technique. This sequence of actions culminates in the formation
of a droplet array, encompassing a broad spectrum of
concentration combinations of both protein and precipitant.63

This allows for the simultaneous monitoring of hundreds of
crystallization processes through an optical microscope, greatly
enhancing the efficiency of screening, Figure 2(d).64

These microfluidic devices can be combined with droplet-
based platforms with gradient generators to further improve
screening efficiency. For example, Abdallah et al. developed a
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droplet-based microfluidic platform through a gradient gen-
eration chip in which approximately 25 nL of protein sample is
used for each condition, allowing for 170 different conditions to
be tested simultaneously.62 Nonetheless, it is imperative to
acknowledge that achieving precise control over the concen-
tration of the protein and the precipitant within the microfluidic
device can pose a notable challenge. Typically, the concentration
information can be estimated by preliminary experiments using
colorimetric assays.62

On-Chip in Situ Monitoring Techniques. Furthermore,
recent advancements in on-chip in situ monitoring technology
have dramatically improved the efficiency of crystallization
screening, particularly in the field of pharmaceutical crystal-
lization. In addition to optical microscopy, on-chip X-ray
diffraction, Raman spectroscopy, and confocal Raman micros-
copy have been employed to characterize the crystallization
process within microfluidic devices, which has been systemati-
cally reviewed by Shi et al.70 These advanced techniques allow
for real-time observation and analysis and provide further
insights into the structural information and crystallization
kinetics for better understanding and optimization of crystal-
lization operation conditions.
Overall, microfluidic techniques offer significant advantages in

terms of high-throughput screening, rapid data collection, and
the ability to characterize crystallization processes. Integrating
various process analytical techniques further enhances the

capabilities of these devices for screening and optimizing
crystallization conditions.
2.2. Microwell-Based Crystallization Platform. Droplet-

Based Microwell Plate. Compared to conventional well plates,
the droplet-based microwell plate platform accelerates screening
efficiency by reducing API consumption while enabling more
parallel experiments. The foundational element of this platform
is the generation of microscale solutions. Currently, there are
twomain strategies: using liquid handling robots with integrated
microdispensing heads71 and generating water-in-oil micro-
droplets on a microfluidic chip.72 Liquid handling robots can
dispense and mix protein/precipitant solutions at volumes as
low as 25−100 nL. These robotic systems find extensive utility in
the domains of synthesis, crystallization, and biology, primarily
attributed to their advantages, which encompassminimal sample
utilization, stability, high throughput, and complete automation.
For droplet-based well-plates, there is a need to perform high
throughput crystallization experiments in small-volume volume
well-plates with accurate manipulation of microdroplets.
The droplet-basedmicrowell plate is widely utilized in protein

crystallization and can be categorized into three screening
modes: microbatch,73 free interface diffusion,74 and vapor
diffusion.75 Researchers currently face two main challenges
when automating high-throughput screening under these
methods, namely, (i) fabricating chips with high-density

Figure 3. Droplet-based microwell screening strategy. (a) Droplet-based microwell plate: platform structure (up), semicontact liquid handling
(down). Reproduced with permission from ref 78. Copyright 2014 Springer Nature; (b) liquid handling robot, Mosquito (TTP Labtech, Ltd.); (c)
microwell plate integrating in situ characterizing techniques. Reproduced with permission from ref 79. Copyright 2020 Springer Nature; (d) the
scheme of automatic protein crystallization screen platform, named XPS. Reproduced with permission from ref 80. Copyright 2006 Blackwell
Munksgaard; (e) the upgraded version of XPS, XPS2. Reproduced with permission from ref 81. Copyright 2021 Blackwell Munksgaard.

Crystal Growth & Design pubs.acs.org/crystal Review

https://doi.org/10.1021/acs.cgd.3c01408
Cryst. Growth Des. 2024, 24, 4245−4270

4251

NOVARTIS EXHIBIT 1083 
Novartis v. Regents, IPR2023-01346 

Page 7 of 26

https://pubs.acs.org/doi/10.1021/acs.cgd.3c01408?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.cgd.3c01408?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.cgd.3c01408?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.cgd.3c01408?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.cgd.3c01408?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.cgd.3c01408?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.cgd.3c01408?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.cgd.3c01408?fig=fig3&ref=pdf
pubs.acs.org/crystal?ref=pdf
pubs.acs.org/crystal?ref=pdf
https://doi.org/10.1021/acs.cgd.3c01408?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.cgd.3c01408?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


microwells and (ii) achieving controlled mixing of precipitant
and protein solutions at nanoliter or lower volumes.
Zhu et al. proposed one solution addressing the first challenge

by fabricating a micron-precisionmicrowell chip, as illustrated in
Figure 3 (a). Standard photolithography and wet chemical
etchingmethods were applied to fabricate chips featuring a high-
density nanoarray well pattern (672 droplets/cm2) on a glass
substrate coated with chromium and photoresist. Each droplet
in the nanoarray well had a volume of only 4−8 nL, leading to a
dramatic reduction in protein consumption by a factor of 50−
500. However, this fabrication technique using lithography
methods such as SU-8 lithography76 and laser ablation77

requires sophisticated and expensive instruments, making it
less accessible.
For the second challenge, Liang et al. utilized 3D printing

technology to fabricate a massively parallel protein screening
chip based on the vapor diffusion mode.82 However, the chips
produced by 3D printing are porous and permeable, which does
not meet the requirements for airtight chambers in vapor
diffusion crystallization. They further addressed airtightness by
immersing the chip in dissolved paraffin wax to fill the
micropores and applying a parylene coating. To provide
hermetic sealing for the entire device, a glass sheet coated
with PDMS film was used. Notably, the paraffin-filled chips are
translucent, enabling direct imaging of crystals through optical
microscopy. In comparison to standard 96-well plates, this chip
demonstrated a 100-fold reduction in well size and a 7-fold
increase in number density. Moreover, each independent
experiment consumed just 10 uL of protein solution, resulting
in a significant 20−100-fold reduction when compared to
standard plates.
Single- and multichannel liquid dispersion equipment enables

precise mixing of precipitants with protein solutions at nanoliter
or even lower volumes. Typically, liquid handling using a syringe
pump is employed in single-channel liquid dispersion equip-
ment. In Figure 3 (a), a tapered capillary tube is connected to a
picoliter precision syringe pump for pumping and mixing liquids
in nanoliter quantities or below, using a semicontact mode.78 In
this mode, the droplet at the tip contacts with a predroplet in the
well, facilitating mixing. Semicontact mode offers advantages
over contact or noncontact modes, where the capillary tip either
directly contacts the substrate surface or does not make contact
at all. The movement of the capillary tip is adjusted based on the
droplet size, preventing the tip from breaking due to excessive
movement of the carrier table or small droplets from not falling
due to surface tension. Themicroplates are affixed to a three-axis
(x-y-z) moving carrier table with nanometer-level precision. By
programming simple commands, the carrier table can be
synchronized with the syringe pump, allowing for the automated
formation of droplets with customizable compositions by
controlling the flow rate.
Multichannel liquid dispersion equipment is commercially

available in liquid handling robots.83 The liquid handling robot
depicted in Figure 3 (b) is equipped with 4/8/16 channel
modules and is compatible with standardized well plates,
allowing for precise dosing of picoliter liquids. Compatible
liquid dispensers include Phoenix (Art Robbins Instruments,
Inc.), Mosquito (TTP Labtech, Ltd.), and OryxNano (Douglas
Instruments, Ltd.). The high-throughput crystallization screen-
ing mode facilitates the swift exploration of crystallization
operational parameters, ultimately leading to the acquisition of
high-quality single crystals of pharmaceutical drugs, well-suited
for single-crystal X-ray diffraction analysis. Tyler et al.

discovered the crystallization pathway of a pesticide, dithianon,
which was previously thought to be noncrystallizable.84 Besides,
they also found 13th polymorphs of the precursor of the drug
olanzapine.
The incompatibility among complex chemical environments,

specialized infrastructure, existing analytical methods, and high-
throughput screening poses a significant challenge in the
screening of nanoscale crystallization conditions on microwell
plates. Typically, the inspection of single crystals requires offline
analysis using specialized devices. Standard well plates,
commonly made of polystyrene, have physical properties that
hinder their suitability for specialized analytical methods for
example the excessive scattering of X-rays. Moreover,
commercially available well plates designed specifically for in
situ XRD are unable to effectively detect smaller crystals due to
their relatively thick composition.85 To satisfy the demand for
modular equipment, Soliman et al. proposed a novel approach.
Using a standard 96-well plate as a template, they etched
patterns onto a transparent material, providing a more suitable
platform for the screening of nanoscale crystallization
conditions.86 Through the use of contact line pins, the drops
can be accurately positioned and confined, allowing for low-
background in situ X-ray detection, regardless of plate
orientation.
The chemBIOS well plate,79 Figure 3 (c), is a nanodroplet

based drug screening platform that integrates Nuclear Magnetic
Resonance (NMR), Ultraviolet (UV), and Infrared (IR)
spectroscopies. These spectroscopic techniques are commonly
used to characterize pharmaceutical solid forms. The chemBIOS
plate enables simultaneous synthesis, in situ analysis, and
biological applications, with a screening capability of more
than 5,000 results per experiment. Apart from the capability of
chemical composition analysis, the device exhibits optical
properties that lend themselves to on-chip characterization
and real-timemonitoring of reactions across the visible (utilizing
optical microscopy), UV, and IR spectroscopy regions. The
platform facilitates the simultaneous initiation of all synthetic
reactions by clamping two slides together, resembling the
process of crystallization where two droplets are mixed to form
supersaturated solutions. Although primarily used for drug
synthesis and analytical assays, the chemBIOS platform also
proves valuable for high-throughput screening of polymorphs,
cocrystals, and salts.
Continuous Automated Drug Crystallization Platform.

With the advancement of automation techniques, there has been
a development of fully automated crystallization screening
infrastructure by both academic and industrial groups.87

Typically, an automatic crystallization screening system consists
of two main components: an automatic dispenser for setting
droplets and a characterizing device for the automatic
observation of these droplets. The integration of multiple
computer programs to control these various modules is complex,
ranging from the automated dispensing of droplets to the
photography of crystals in each well.
In 2003, Kato and colleagues introduced a comprehensively

automated system for protein crystallization, denoted as XPS,
illustrated in Figure 3 (d).80 This system integrates several
components, including (i) protein and precipitant dispensers for
crystallization, (ii) a plate sealer, (iii) a plate-transport rail robot,
(iv) plate incubators, (v) an observation module, and (vi) an
image-storage server. Setting up a crystallization condition can
be accomplished within as little as 36 s in a 96-well plate.
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The XPS2 system,81 which represents an enhanced iteration
of the original XPS, Figure 3(e), incorporates second harmonic
generation and ultraviolet two-photon excited fluorescence
within the crystal characterization module. Moreover, it
integrates a cryogenic incubator accompanied by an observation
module. Operating at a temperature of 4 °C, this cryogenic
incubator augments the success rate of crystallization and is
compatible with imaging instrumentation. It permits scheduled
observations to transpire without necessitating a temperature
adjustment of the crystallization plate. In addition, the XPS2
system consolidates all constituent modules under a unified
software framework. This streamlined integration empowers
users to command the XPS2 system through a singular control
software, thereby automating all procedures ranging from the
configuration of crystallization conditions to the observation of
crystals.
In summary, microfluidic and automatic devices offer

numerous advantages over traditional methods, allowing for
free-convection environments or labor-free platforms that
optimize crystal quality. These systems have evolved into readily
accessible tools for high-throughput screening of crystallization
parameters and the discernment of preferred solid forms of APIs.

3. PREDICTION OF PHYSICOCHEMICAL PROPERTIES
Physicochemical properties are intrinsic characteristics of drugs.
The solubility, lipophilicity, and partition coefficient of the drug
will indirectly affect the pharmacokinetic properties and drug
target binding efficiency. The flowability and filterability of drug
powders have important influences on the processes of
production, mixing, transfer, and storage, and are of great
significance for controlling product quality. Therefore, the
determination of physicochemical properties is an essential step

in drug design and development.20,88 However, laborious and
expensive experiments hinder rapid property prediction. For this
reason, different artificial intelligence-based tools have been
developed to predict these properties. Figure 4 (a) illustrates the
general flowchart of physical and chemical property predic-
tion.89

Step I. Data Collection. The machine learning models
trained in the prediction effort are constructed by learning
patterns and regularities from large amounts of data. The data
related to drug crystallization include molecular structure,
solvent type, crystallization conditions (e.g., temperature,
pressure), etc.
Step II. Data Representation. Effective representation can

optimize the data format and make it easier for the model to
recognize and process patterns and structures in the data,
thereby improving the performance of subsequent learning tasks
such as classification, regression, or clustering. In cases where the
raw data may contain a lot of complex and redundant
information, and where high-dimensional data may lead to a
“dimensionality catastrophe”, the problem can be solved by data
denoising, feature extraction, and dimensionality reduction
techniques. In crystallography, this includes the extraction of
chemical descriptors from molecular structures, such as
intermolecular forces, stereochemical parameters, and process
parameters from crystallization experiments. These features will
be used as input to the machine learning model.
Step III. Type of Learning Algorithms. The type of

learning algorithm requires a combination of many aspects. Data
characteristics (data volume, data dimensions, data balance, data
complexity, etc.), type of prediction task (regression, classi-
fication), training performance, interpretability, computational

Figure 4. (a) General flowchart for predicting physicochemical properties from molecular and crystal structure data. (b) The overall architecture and
prediction results of multilayer graph convolutional network (MGCN) and SchNet structure. Reproduced with permission from ref 90. Copyright
2020 Royal Society of Chemistry.
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resources (ML, DL), and a priori knowledge are all key factors in
algorithm selection.
Step IV. Selection of Model. Combining the above three

steps, a model with relatively optimal performance is
constructed for the specific problem of physical and chemical
property prediction.88 During the model selection process,
cross-validation can help evaluate the performance of different
models and select the one that performs best on the validation
set. This helps to prevent overfitting. In addition, when faced
with complex or high-dimensional data, integrationmethods can
be used to improve the performance of a single model and
reduce model bias and variance. Also, anomaly checking is
performed after model training to identify anomalous data
results and feed them back into the data set for secondary
cleaning. In practice, model selection is usually an iterative
process that requires combining multiple techniques to obtain
the most suitable model for solving a particular problem, while
taking into account the robustness and generalization
capabilities of the model.
3.1. Solubility. Solubility is a crucial physical property in the

design and development of pharmaceutical crystallization.
Solubility prediction has been the focus of intensive research
as an experimental alternative that can reduce waste and improve
crystallization efficiency. Pioneers have made some progress
using AI algorithms.88 However, the attainment of a reliable
methodology for the direct and precise prediction of solubility
remains a challenging pursuit due to factors including
polymorphism, solid-solution interactions, data sample imbal-
ances, appropriate descriptor selection, and the intricacy of
computational models.20

In ML-based studies on solubility prediction, differences arise
in the choice of training and test data sets, the selection of
descriptors, the types and quantity of descriptors, as well as the
mathematical models employed for both classification and
regression tasks. The data source is typically an open-source
database (e.g., CSD) or undisclosed internal experimental data,
and molecular descriptors are used in prediction models.91

The Determination of Descriptors. For physicochemical
property prediction, molecular descriptors are used to refer to a
measure of a molecule’s properties in some aspects, either
physicochemical properties of the molecule or numerical indices
derived from the molecular structure by various algorithms.
Certain quantitative relationships are established from the
information carried by the molecular descriptors on the
physicochemical properties of the molecule.
These descriptors can be categorized into four classes based

on their dimensions:92 zero-dimensional (0D) descriptors are
the most basic molecular representations, including essential
properties like molecular weight, atom count, and atom type
frequencies; one-dimensional (1D) descriptors represent drugs
based on their substructures, such as ring counts and functional
groups; two-dimensional (2D) descriptors provide further
information by taking into account atomic adjacency,
connectivity, and other topological features; three-dimensional
(3D) descriptors depict molecules in the 3D spatial domain,
with each atom defined by x, y, and z coordinates, capturing
spatial and geometric configuration details.93 Besides, the
Simplified Molecular Input Line Entry System (SMILES) is
another 1D linear notation for describing the structure of
molecules and is used for the input and representation of
molecular reactions with well-defined canonical formulas.94

Based on this string, it can be converted into a 2D graph or 3D
model of the molecule via the open-source cheminformatics

library RDKit.95 In the ANN algorithm, the SMILES string of
each molecule can serve as character-level input.96 These
descriptors encapsulate intricate physicochemical properties of
drugs and find extensive utility in drug discovery and screening
endeavors.
Regarding drug crystal solubility prediction, the principle of

descriptor selection is based on the understanding and
quantification of the relationship between molecular properties
and solubility. Theories related to solubility encompass a range
of approaches, including fragment-based semiempirical methods
like general solubility equations, thermodynamic cycles, and
thermodynamic parameters. Additionally, concepts such as
Hansen solubility parameters and Hildebrandt solubility
parameters are utilized. Various molecular dynamics methods,
along with first-principles ab initio calculations, also contribute
to the understanding of solubility.24,26,97,98

Also, the relevance and number of descriptors directly affect
the complexity of model training. Too many descriptors may
lead to model overfitting. Therefore, finding a balance between
the choice of descriptors and the generalization ability of the
model has been a concern for researchers. As it has long been
demonstrated, simple linear regression methods outperform
more complex modeling methods when choosing three
descriptors in terms of chemical structure to predict the aqueous
solubility of certain available drugs.99 The overfitting of data by
artificial neural networks leads to a significant reduction in
predictive performance when faced with solubility predictions
for compounds outside the database.
To prevent an undue focus on the role of chemical structure in

solubility prediction models, several advances have focused on
quantifying structure−activity/property relationships and rec-
ognizing the importance of solute−solvent and solvent−solvent
interactions. By meticulously considering the distinct contribu-
tions of the three energy-quantized interactions emerging from
API dissolution behavior, Ma et al. found that solute−solvent
interactions and the API properties are equally important in
solubility prediction.26 Guided by the purely perturbed chain
statistical associative fluid theory (PC-SAFT, an important
theory in molecular thermodynamics),97 Ge et al. created 16
molecular descriptors to take into account intermolecular inert
interactions, laying the foundation for solubility prediction.
There are of course drawbacks, as the above work only used a
small data set. Continuous efforts to improve predictive models
primarily focus on enriching descriptors for solute−solvent
interactions in aqueous/organic systems and interactions among
solute molecules, as well as expanding the data set to
comprehensively capture various solute molecule character-
istics.
The Development of Models. The selection of learning

algorithms and the optimization of prediction models are
important parts of the development of property prediction.
Among the comparison of ANN, SVM, RF, and Extra Trees
models, the SVM model performed the best for its capability to
solve high-dimensional problems and generalize the data set.24

However, in a broader data set, ANN ultimately performed as
the optimized model (among MLR, ANN, RF, ET, and SVM
models) for predicting 103 drug molecules in water, acetonitrile,
ethanol, acetone, and ethyl acetate systems.97 In addition,
prediction models with optimized data structures and high
accuracy could be achieved by integrating two different
algorithms (ANN and RDF algorithm), which was validated
by our research group where excellent prediction results in
estimating the solubility of certain APIs in ethanol.26
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DL algorithms represented by ANNs have exhibited great
potential for solubility prediction.96 Instead of manually
extracting features, DL automatically filters the data and extracts
high-dimensional features from the data. Recent work has
explored molecular representations and DL modeling archi-
tectures. For example, the molecular graph can be constructed
using SMILES, and thus the graph neural network (GNN)
model can be built from scratch for molecular property
prediction.100,101 The GNN model utilizes a molecular graph
representation, where atoms are transformed into nodes and
bonds are represented as edges of the graph.101 During the
training process, the convolution operator is introduced into the
graph structure to derive the graph convolution network
(GCN).90 In addition, compared to GCN, a new SchNet
model is also applied for the prediction of the physicochemical
properties of drug molecules. Gao et al. predicted the aqueous
solubility of drugs well based on multilayer GCN and SchNet
structures on two original data sets (Delaney102 and
Huuskonen103). The overall architecture of the two structures
is shown in Figure 4 (b).90 Both systems are designed to
accurately capture and extract molecular structure information,
making them well-suited for predicting various chemical
properties. Further, later advances by Gao’s team continue to
confirm that GCN can directly utilize 3D structures to efficiently
extract useful molecular information and is suitable for complex
molecular property prediction.104 In comparison, the DNN
model is relatively less accurate but more transferable between
independent data sets. It may be because the overly complex
network structure of GCN is affected by data noise leading to
overfitting. Lee et al. also highlighted the advantage of GCN in
predicting solubility in several solute systems.105 In addition to
GCN, the traditional GNN has gradually evolved to derive other
rich graph-based neural network models in recent years. Ahmad
et al. used SMILES strings as molecular representations to
develop models using simple graph convolution, graph homo-
morphism networks, graph attention networks, and AttentiveFP
networks.106 On the anticancer test data set, the AttentiveFP-
based network model showed optimal performance.
As aforementioned above, prediction of aqueous solubility

using multilevel GCNs, SchNet, graph attention networks,
graph homomorphic networks, and others have been developed,
however, they can lead to discrepant estimates because of
different databases used.96,104,106,107 Current DL in property
prediction is also striving to improve prediction performance
with a broader sample of data.104 Overall, striking a balance
between model accuracy and generalization capability is a
perpetual concern for researchers in both ML and DL. The
quality and size of the data set, the principles, and dimensions of
descriptor selection, as well as the complexity of the model and
optimization strategies, are all critical factors. Insufficient data
volume or imbalanced distribution, excessive or inappropriate
feature selection, overtraining, or overly complex models can
lead to overfitting in the final model. To mitigate this,
appropriately increasing the number of training samples,
employing regularization methods, reducing feature dimension-
ality and algorithm integration are all effective measures to
enhance generalization capabilities.
3.2.Melting Point.Melting point is one of the basic physical

and chemical properties of crystalline materials, which is
determined not only by the properties of single molecules but
also by the intermolecular interactions within the crystal
structure.20,108 Currently, the prediction works that have been
reported include melting points of pharmaceutical organic

compounds, thermal stability of macromolecules, melting
temperature of polymers, and melting points of cocrystal
crystals.
Some of the published work on the prediction of drug

molecule melting points (models, database size, performance
statistics) is summarized in Table 1. All of these works achieved

good prediction performance at the time, but the results of these
works are not comparable due to the different classes of drug
molecules targeted, nonuniform database sizes and sources,
various strategies for descriptor selection, and different model
optimization processes.
Conclusively, the principles used to predict the melting points

of organic compounds consist of the following categories:
mechanics,109 quantitative structure−property/activity relation-
ship,112 quantum mechanics calculation,116 and method based
on fragment contribution.118 Most of these models have been
developed using a limited set of specific organic compounds,
restricting their applicability to a broader range of diverse
compounds. Alternatively, methods based on group contribu-
tion can be employed to predict the thermodynamic properties
of various chemical groups within compounds.116 However,
many parameters and complex calculation programs were
required to accurately estimate the melting point.
The enthalpy of sublimation can be used as a descriptor in a

quantitative structure−property relationship (QSPR) model
along with other molecular descriptors for modeling melting
point predictions. The sublimation enthalpy serves as a
thermochemical measure signifying the intensity of intermo-
lecular interactions within a crystal lattice, reflecting the stability
of the crystal structure. Additionally, it offers valuable insights
into other thermodynamic properties, including enthalpy of
formation and lattice energy. Salahinejad et al. developed a
QSPR model based on sublimation heat, lattice energy, and
melting point of organic compounds, which applies to
compounds with diverse and complex structures.117 By
combining sparse Bayesian feature selection withML techniques
to identify the most pertinent molecular descriptors for the
model, it is possible to create a concise quantitative model that
achieves highly accurate predictions of melting points.
The similar model can also predict the related properties of

macromolecular substances, such as the thermal stability of
proteins and themelting point of polymers. Thermal stability is a

Table 1. Prediction of Melting Point through ML Method

Performance (r2/q2)

reference method
training
set test set

training
set test set

Bergström109 PLSa 185 92 0.57 0.54*
Karthikeyan110 ANNb 2089 1042 0.66 0.66*
Johnson111 MLR 106 − 0.90 −
Modarresi112 MLRc 278 45 0.66 0.79*
Nigsch108 KNNd 3119 1000 0.33 0.44
Hughes113 SVMe 150 50 0.84 0.50
Lazzuś114 ANN 260 73 0.96 0.98
Bhhatarai115 PLS 94 15 0.81 0.85
Guendouzia116 MLR 42 20 0.95 0.96
Salahinejad117 BRANNLPf 6593 1648 0.79 0.78

aPartial least-squares. bArtificial neural network. cMultiple linear
regression. dk-nearest neighbor. eSupport vector machine. fBayesian
network employing the Laplacian prior. *Value of “q2” in perform-
ance.
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fundamental biophysical property of protein. It is closely related
to protein expression, folding, activity, and function. Gorania et
al. proved that it is feasible and effective to predict the thermal
stability of protein using ANNon the premise that its amino acid
sequence is known.119 Moreover, protein engineering frequently
involves point mutations. Addressing the matter of thermal
stability concerning these protein point mutations is a prevalent
challenge in protein engineering. Jia et al. established a
classification and regression analysis model to predict the
thermal stability of single-point mutations, which had the
potential to guide the decision-making processes during protein
design via mutagenesis.27 This model was specifically designed
for predicting the thermal stability of single-point mutations,
while also emphasizing the potential for predicting the thermal
stability of multipoint mutations.
Other approaches to estimating polymermelt points primarily

revolve around the creation of group contribution methods and
quantitative structure−property relationships, which rely on
physicochemical, structural, and topological parameters.120 For
instance, a polymer can be represented numerically through
descriptors derived from the topology, shape, and charge/
polarity of a specific motif constituting the polymer back-
bone.121 An RF model, developed using existing data, was
employed to swiftly predict the properties of multicomponent
polyhydroxyalkanoate (PHA) copolymers.122 The results
emphasized the physical significance of the relationship between
the composition, structural units, and thermal properties of
PHA.
On another point, in the drug development and design

process, where cocrystals are developed to improve the
physicochemical properties of drug products, AI techniques
can also be used for the property prediction of unsynthesized
cocrystals. Gamidi et al. established a model for predicting the
melting point of unsynthesized cocrystals using ANN.123 By
selecting the ideal coformers of cocrystals, the melting point of
the new solid form of drug molecules can be set within a target
range for more accurate and efficient melting point prediction.
3.3. Miscellaneous Properties. Lipophilicity. Drug

companies face challenges in penetrating cell membranes with
low lipophilicity while encountering issues during transportation
in body fluids or plasma with high lipophilicity.124 To predict
this property, Zhang et al. employed SVM and genetic
algorithms for feature selection and the conjugate gradient
method for parameter optimization to establish a three-class
classification model of lipophilicity.124 The proposed three-class
classification model can correctly distinguish the types of
compounds according to their water solubility and lipophilicity.
Flowability. The flowability of powders of APIs is a key

determinant impacting the manufacturing and production of
solid oral dosage forms. Powder flowability can affect the mixing
efficiency, production rate, and uniformity of APIs with
excipients. Previous studies have focused on relatively free-
flowing systems, with particle size distribution and particle shape
as key factors for describing the flowability, allowing for
reasonable predictions based on particle characteristics.125

However, the powder flowability behavior is also associated
with many other factors, such as the shape and roughness of the
particles, specific surface, surface energy, and static electricity.
Barjat et al. attempted to predict flowability across diverse
materials and various flow conditions. They utilized analytical
data from hundreds of materials to train a radial basis SVM.126

They found the measured physical properties are reasonably

related to the flow behavior, leading to a good flowability
classification model.
Filtration. Filter cake filtration stands to separate crystals

from the mother liquor, a process greatly impacted by the size
and shape of the crystals. Regrettably, determining the particle
size and shape distribution (PSSD) is a challenging task, and its
precise quantitative relationship with filter cake permeability
remains unknown. Existing literature offers insights into
predicting filterability through modeling, often relying on
theories founded on strong assumptions, such as the Carman-
Kozeny equation.127 Certainly, the constraints in identifying
nonspherical particles using current equipment have posed
challenges in conducting prompt and efficient PSSD measure-
ments.
Nevertheless, progress in imaging and computational

technologies is steadily surmounting these hurdles, ensuring
the accuracy and reliability of PSSD measurements. Perini et al.
correlated the relative filter cake resistance with the particle size
and shape distribution properties of two compounds that had
needle crystal morphology.128 In subsequent research, Monte
Carlo sampling techniques were employed to create a stack/
filter cake composed of needle-like crystals, characterizing the
cake porosity, particle orientation, and size bias. Moreover, it
successfully predicted the porosity trends for the experimental
system involving L-glutamic acid.129

4. SCREENING AND OPTIMIZATION OF
CRYSTALLIZATION CONDITIONS

As introduced in Section 2, automated tools and laboratory-built
platforms are now available for performing high-throughput
experiments. However, the analysis of experimental results still
heavily relies on human experiences. This manual analysis may
also introduce biases and errors that lead to the exploration of
incorrect parameter spaces in subsequent screening, making it
challenging to identify the optimal conditions. In this regard, AI
excels at rapidly analyzing vast amounts of data and performing
repetitive tasks objectively and thus can offer an unbiased
solution to overcome these limitations. ML algorithms, in
particular, can aid in decision-making for exploring chemical
spaces, thereby accelerating the screening process.
Crystallization is a process that combines scientific principles

and artistic intuition, and the factors influencing the outcome of
crystallization are not yet fully understood. Therefore, the
screening or optimization of crystallization conditions may be
considered as a “black-box” problem. AI can provide predictions
based on existing experimental data, offering relatively rational
guidance for subsequent experiments. In the following, we
summarized the applications of AI-assisted crystallization
condition screening and optimization for both small-molecule
and macromolecule drugs.
4.1. Small Molecule. Controlling and engineering the solid

form of APIs is critical in the development of small molecule
drugs.2,3 However, the traditional approach to acquiring desired
solid forms mainly depends on screening and optimization
crystallization conditions of API, which involves exhaustively
exploring all combinations in a high-dimensional chemical/
operational space. This process generates abundant data, but
conventional analysis methods struggle to keep up with the rate
of data collection.
To address this challenge, image classification technology has

emerged as a useful tool for accurately categorizing crystals. Its
application in identifying crystals with desired characteristics,
such as polymorph, crystal habit, and particle size, has
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broadened considerably. For instance, Su et al.130 applied DL
algorithms to classify API crystal morphology in high-
throughput hydrogel droplets, as illustrated in Figure 5 (a). In
their study, 144 stable hydrogel droplets containing the API,
solvent, and antisolvent were stored on an S-shaped chip using
microfluidics technology. An object detection model called
faster R-CNN was employed to identify crystals within the
captured images from an optical microscope. The model
outputted the possibility of a crystal being present in a given
region of interest (ROI) within the image, allowing for accurate
classification into four categories: jelly like, rod, sheet, and wire
(Figure 5 (b)). The performance of crystal morphology
identification was evaluated using a confusion matrix, presented
in Figure 5 (c), which revealed the deviations between the
predicted and actual results. The results demonstrated an
accuracy of above 80% in identifying crystal morphology.
Subsequently, the ternary phase diagram, as illustrated in Figure
5(d), was generated to graphically represent the crystallization

landscape for the four distinct crystal morphologies, contingent
upon the proportion of antisolvent to solvent and the drug
concentration. Overall, this work combined high-throughput
crystallization experiments in hydrogel droplets with rapid
processing of large amounts of experimental data using DL
algorithms, providing valuable guidance for the precise
preparation of pharmaceutical crystals.
While object detection algorithms are useful for classifying

crystal images, real-time monitoring of API crystallization
processes is also essential for capturing key information such
as polymorph transformation, particle size changes, and
morphology variations.18 These data can provide valuable
insights into crystallization kinetics and the regulation of particle
morphology/polymorph, thus guiding the optimization of
crystallization conditions.131 The introduction of instance
segmentation algorithms has enabled not only crystal classi-
fication but also the identification of crystal edges, making it
possible to quantify multidimensional crystal morphology.132

Figure 5. Integration of the hydrogel droplet platformwith a deep learning approach. Reproduced with permission from ref 130. Copyright 2020 Royal
Society of Chemistry. (a) Scheme of the platform. (b) The recognition and categorization of four distinct crystal morphologies within the image. (c)
The confusion matrix was employed as an assessment tool to measure the efficiency of the Faster R-CNN model in classifying crystal morphologies
within test data sets. (d) A ternary phase diagram was utilized to visualize the areas of operation parameters.
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He et al. usedMask R-CNN, an instance segmentationmodel, to
analyze crystal size during API crystallization, as depicted in
Figure 6.133 The DL model efficiently and accurately analyzed
thousands of crystal images of indomethacin and ibuprofen,
providing information on crystal morphology, crystal size, and
crystal size distribution (CSD) over time. Based on this time-
resolved crystal morphology data set, growth kinetic profiles can
be obtained in different microwell volumes using an established
empirical crystal growth model. By examining crystallization
kinetics in various sizes of microwells, they uncovered the
surprising impact of microreactor volume on crystal growth
rates. These insights can be used to guide the optimization of
crystallization conditions for obtaining API crystals of specific
sizes, which is crucial for subsequent scaling up and industrial
production.
Instance segmentation algorithms can be applied to the study

of polymorph control in API crystallization. Previously, we
utilized theMask R-CNNmodel to investigate solvent-mediated
polymorphic transitions of APIs, enabling the tracking of crystal
size, shape, and polymorphic changes.134 In the phase transition
from α to β crystal forms, the Mask R-CNN model accurately
distinguished between the two forms. Additionally, the ML
model allowed for the measurement of multidimensional data of
crystal size and shape. Overall, the application of DL-based
image processing techniques offers a noninvasive and high-
throughput approach to studying crystallization processes. It
improves the efficiency of data processing during the screening
of crystallization conditions, making it a valuable tool for
understanding polymorphic transformation and optimizing
crystallization processes in pharmaceutical development.
Sometimes, onemay improve the product quality attributes of

small molecule drugs by forming cocrystals, salts, spherical
particles, or inclusion complexes. The understanding of the
complex interactions between APIs and solvents in these
processes makes rational screening challenging. However, with
the assistance of AI, key factors can be predicted at an early stage,
reducing the workload of screening experiments significantly. AI
models can be trained to predict the formation of multi-
component solid forms using inputs that typically include the
main body (API), guest molecules, and solvent environment
represented by molecular descriptors. Together with existing
experimental results, this data set is used to train and validate
ML algorithms. Once candidate molecules or operation
conditions are provided, the model outputs the probability of
forming the desired multicomponent solid forms with the API.
Our group has developed prediction models for screening the

components of spherical particles135 and inclusion com-

plexes,136 using ANN, SVM, and logistic regression (LR)
algorithms in combination with molecular descriptors and
solvation-free energy descriptors. Notably, models based on a
combination of multiple ML algorithms (i.e., ANN, SVM, and
LR) providedmore accurate outcomes compared to those with a
single algorithm. These prediction models enable the screening
of potential components for various solid forms of small-
molecule drugs. By incorporating molecular descriptors and
solvation-free energy descriptors, the models can provide
valuable insights and guide the selection of candidates efficiently
and rationally.
Furthermore, the prediction of crystallization tendencies in

API development is also a crucial aspect. Several approaches
have been explored in this topic. Wicker and Copper employed
one-dimensional computational chemical descriptors to forecast
the crystallization propensity of small organic molecules by
examining atom connectivity.137 However, their data set for the
noncrystallized outcomes was relatively small, limiting the
robustness of their predictions. Pereira et al. introduced 3D
chemical structure descriptors and ranked them using an RF
algorithm to predict crystallization tendencies.138 The con-
sensus model, which combined RF, SVM, and multilayer
perceptron (MLP) models, exhibited improved prediction
results. Using untrained data sets, the consensus model achieved
an accuracy of 80% in correctly predicting the crystallization
propensity of molecules.
These approaches primarily focused on predicting the

possibility of molecular crystallization based on physical and
chemical properties, without considering the solvent. However,
the solvent plays a significant role in crystallization processes.
Hosokawa et al.established a classification model using decision
trees and Bayesian probability methods to screen solvents for
API crystallization, considering both chemical structures and
solvents.139 Ghosh et al. classified Pfizer’s crystallization data
based on experimental type and solvent system, but found that
including crystallization methods (evaporation, melting, cool-
ing, and antisolvent crystallization) introduced noise and
reduced the performance of ML methods.140

Considering the crystallization conditions and methods is
crucial for accurate prediction. Data sets obtained from the
published work multiply prediction difficulty, where crystal-
lization conditions/methods were diverse. Pillong et al.
reconstructed a data set with consistent conditions, including
concentration, evaporation rate, temperature, and pressure, and
used a random forest model to predict API crystallization
propensity in multiple solvents.141 Their approach led to a one-

Figure 6. Application of instance segmentation in detecting crystal morphology data. Reproduced with permission from ref 133. Copyright 2022
Elsevier. (a) Crystallization experiments were conducted using a microwell plate. (b) Analysis crystals with DL. (c) Multiple facets of crystal data were
obtained through postprocessing and subsequently plotted as functions of time over the course of the crystallization process.
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third reduction in the number of experiments needed for solvent
screening.
Nevertheless, despite these endeavors, the task of forecasting

the crystallization tendencies of APIs remains a challenging and
ongoing pursuit. The constraints of limited data sets, the
intricate nature of the crystallization process, and the wide array
of conditions and methodologies documented in existing
literature all present substantial obstacles for ML models.
Consequently, additional research and development efforts are
imperative to enhance the precision and dependability of
prediction models within this domain.
4.2. Macromolecule. Therapeutic proteins, including

monoclonal antibodies, have played a crucial role in treating
various diseases, leading to significant revenue generation in the
healthcare industry, which yielded a cumulative revenue of $188
billion in the single year of 2017.142 However, the downstream
purification process for these proteins, primarily relying on
multistep chromatography techniques, accounts for a substantial
portion (around 80%) of the manufacturing cost. This
purification process has become a major bottleneck in achieving
cost-effective production of protein products.
The field of protein crystallization, historically oriented

toward the acquisition of sizable, top-quality single crystals for
structural elucidation, has more recently garnered attention for
its prospective utility in downstream bioprocessing and
bioseparation applications. Crystallized proteins offer advan-
tages such as high purity and increased stability, which are
advantageous in formulation, storage, and drug delivery
stages.143 This has captured attention as a practical and scalable
method for purifying and isolating proteins in downstream
processes.144

The concept of a “crystallization cocktail” refers to a mixture
of different solutions or reagents that are combined to create the
optimal conditions for protein crystals to form.145 However, the
complexity of protein structures and the environmental factors

involved make it challenging to predict the ideal crystallization
cocktails based solely on the crystallization mechanism. As a
result, the exploration of various factors including the
concentrations of protein and precipitant, solution pH,
temperature, etc., has been carried out blindly. Consequently,
the investigation of conditions conducive to protein crystal-
lization has constituted a central research focus for numerous
years., leading to the development of automated/semiauto-
mated high-throughput screening platforms and data processing
methods.
AI has been applied to the field of protein crystallization,

primarily in crystal identification and classification. The
combination of automated high-throughput screening and AI-
assisted classification and screening protocols has significantly
improved the efficiency of optimizing crystallization conditions.
In the early 21st century, protein crystals were evaluated using
SVM algorithms for screening crystallization cocktails, achieving
an 84.4% consistency rate compared to assessments made by
human experts.146 Buchala and Wilson147 combined different
feature extraction methods with multiple classifiers to achieve
more accurate classification results. With the advent of
convolutional neural networks (CNN), the MARCO model
was trained and tested using a data set of 500,000 macro-
molecular crystal images, achieving an accurate identification
rate of 94%.148 The accuracy of crystal recognition was further
improved to 97.23% using a scalable deep CNN, named
EfficientNet.149 Another CNN-based model called CrystalNet
was developed, enabling the classification of protein crystals at
different stages in time resolution during high-throughput
screening, thereby facilitating the monitoring of crystal
evolution.47 The automated analysis system known as CrytPro
enables stable and reliable monitoring of changes in crystal size
during crystallization.150

Huang et al.151 combined an object detection algorithmwith a
high-throughput screening platform to optimize protein

Figure 7. Screening for protein crystallization conditions. Reproduced with permission from ref 151. Copyright 2022 Elsevier. (a) High-throughput
programmable microliter-droplet systems assisted by DL. (b) The evolution of protein crystalline or morphologies overtime during the crystallization
process.
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crystallization at the milliliter scale, as illustrated in Figure 7(a).
Different protein and precipitant concentrations were pro-
grammed to generate microliter droplets (2160 droplets, 72
concentration combinations, and 30 replicate experiments per
group). A CNN algorithm-based model (DenseNet) classified
images into seven categories. Crystal morphology at different
stages was then correlated with the crystallization conditions to
obtain a temporal phase diagram, Figure 7(b), enabling accurate
scale-up experiments with a 93% accuracy rate. The temporal
phase diagram provided guidance for producing rod-shaped
crystals at the milliliter scale, addressing the challenge of scaling
up after high-throughput screening of crystallization conditions.
Over the past two decades, there have been various

approaches to predicting protein crystallization propensity
using ML techniques. These methods aim to forecast or
evaluate the likelihood of a protein sequence crystallizing by
leveraging sequence properties as key factors. The general
workflow of these prediction methods can be summarized as
follows: (1) the transformation of the protein sequence into a
feature vector of fixed dimensions, and (2) using these feature
vectors as inputs to a classification model to predict the
crystallizable or noncrystallizable type of proteins.
Early prediction methods used statistical approaches to

identify features associated with protein crystallization propen-
sity.152 In 2006, the first ML-based predictor, known as
SECRET, was introduced.153 OB-Score, developed by Overton
and Barton in the same year, relied solely on two features of
protein sequences: isoelectric point and hydrophobicity.154

Subsequent models such as CRYSTALP155 and CRYS-
TALP2156 incorporated additional features for example amino
acid composition. Zucker et al. integrated experimental data to
improve prediction performance for proteins with more than
200 residues.157 Improving with the analysis of grand average
hydropathy, the model performed well for both full-length
proteins and protein domain constructs.152

Other models, e.g., CRYSpred, conducted comprehensive
searches of amino acid features within the amino acid index
database to identify relevant indices for predicting crystallization
propensity.158 The results highlighted that residue character-
istics located on the protein surface were more informative,
compared with that encompassing all constituent residues, and
the SCMCRYS model further quantified the impact of amino
acids using optimization techniques.159 Crysalis concentrated
on analyzing the attributes of noncrystallizable proteins, and it
pinpointed suboptimal sites within these proteins for their
crystallization. This analysis led to the identification of potential
single-point mutations that could potentially improve the
propensity of crystallization.160 Some prediction methods go
beyond physicochemical properties and consider the stages of
protein crystallization. For example, Wang et al. predicted
overall protein crystallization propensity by quantifying the
outcomes of five key stages in the crystallization process, leading
to improved predictive performance.161 In addition to stand-
alone algorithms such as SVM,152 SVR,160 and Naiv̈e Bayes155

algorithms, researchers have explored fusion approaches and DL
algorithms to improve the accuracy of predictions.
TargetCrys tackles the challenge of fusing protein sequences

featured by adopting a decision-level fusion approach. It utilizes
the intermediate decisions made by the first-layer SVM, based
on sequence features, as input to the second-layer SVM.162 This
decision-level fusion strategy helps enhance predictions. The
XtalPred-RF model, an enhancement of XtalPred, incorporates
the random forest (RF) algorithm.163 This improved model

yields significant improvements in predicting successful protein
crystallization, resulting in a notable reduction in screening
workload. With the advent of DL algorithms, predicting protein
crystallization propensity has become more accessible. Deep-
Crystal, for example, employs CNNs to identify proteins that
have the potential to form high-quality crystals.164 It eliminates
the need to search for or design biochemical and structural
features from protein sequences. XANNpred, another neural
network-based model, can guide the construction design for
high-quality crystals by focusing on residue sequence
position.165 Much like the prediction of crystallization
tendencies for small molecules, forecasting the propensity for
protein crystallization relies exclusively on the protein’s
sequence. This reliance on sequence-based prediction arises
from the restricted alignment of technical and sampling
parameters across high-throughput protein crystallization
screening efforts.

5. POLYMORPH AND COCRYSTAL PREDICTION
During drug development, scientists pay much attention to the
polymorphism and cocrystals which exert great influence on the
drug’s bioavailability, efficacy, toxicity, and shelf life.166

Investigators undertake the examination of diverse polymorphs
and cocrystals to select or engineer the most suitable drug forms
for specific applications. This process encompasses the assess-
ment of various parameters such as melting points and solubility
mentioned in Section 3 to ensure both the efficacy and safety of
the pharmaceutical compounds. Consequently, the investigation
of polymorphism and eutectics constitutes a pivotal component
within the realms of pharmaceutical crystallization.
However, experimental screening of polymorph and

cocrystals is often tedious and expensive. Recently, AI has
been used to improve the efficiency of polymorph and cocrystal
screening by rebuilding the methodology of high-throughput
experiments and computation predictions.167 In this section, we
reviewed fundamental principles and recent advancements in
crystal structure prediction of polymorphs and coformer
prediction of cocrystals using AI algorithms.
5.1. Data Mining. Polymorphism refers to the fact that a

compound can exist in different crystal structures. The
understanding of crystal structures is fundamental to the
effective screening of pharmaceutical polymorphs. Crystal
structure prediction (CSP) is one of the most vibrant research
topics in pharmaceutical crystallization, which aims to predict
the most reasonable crystal structure of a molecule without any a
priori experimental knowledge. In drug development, CSP is
frequently conducted within a search space confined by
experimental data. In this manner, data mining from structure
databases is particularly necessary for the use of AI techniques
for polymorph prediction and screening.
Crystal Structure Database. The Cambridge Structure

Database (CSD) contains crystal structures of all recognized
organic and metal−organic compounds worldwide.168,169 In
addition, the Inorganic Crystal Structure Database (ISCD)
collects and provides information on the crystal structure of
inorganic matter without C−H bonds, except for metals and
alloys, as determined by experiments so far, including chemical
names and formulas, unit cell parameters, space groups, atomic
coordinates, and so on.170 The Protein Data Bank (PDB) is
currently the most important database for collecting the
structure of biological macromolecules in 2.5 dimensions
(representing three-dimensional data in two-dimensional
form) and is a three-dimensional structure database of proteins,
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polysaccharides, nucleic acids, viruses, and other biological
macromolecules identified by X-ray single crystal diffraction,
nuclear magnetic resonance, electron diffraction, and other
experimental methods.171 The Joint Committee on Powder
Diffraction Standards (JCPDS) collects powder diffraction data
for the identification of crystalline materials, which can serve as a
data source in AI-assisted crystal phase analysis. Crystallography
Open Database (COD), a computer-controlled database, stores
crystallographic data, atomic coordinate parameters, and
detailed chemical content and references.172 It has compre-
hensively and extensively collated, checked, and evaluated the
quality of a large amount of molecular structure data, providing
more accurate data than the original literature. These databases
have been extensively used to construct data sets for model
training purposes.
Data Extraction. The CSD has introduced a Python-based

Application Programming Interface (CSD Python API) for its
search method, enabling users to develop custom scripts for
versatile searches. Within the CSD system, a suite of software
tools is available for diverse molecular, intermolecular, and
supramolecular analyses. These tools facilitate activities such as
exploring crystal structures, examining molecular parameters,
investigating conformational orientations, searching for phar-
macophore models, and predicting intermolecular interac-
tions.169 For example, some software that is also affiliated with
CCDC can help with conformational analysis and prediction.
Mogul is a knowledge database based on the distillation of
massive small molecule crystal structure data. Using Mogul, any
unusual conformational features in small molecule conforma-
tions, such as unreasonable dihedral angles, bond lengths, and
bond angles, can be examined.173 A successful example has
indicated that the Mogul software can be applied to assess the
conformations of small organic molecules.174

The Hydrogen Bonding Propensity (HBP) tool is a feature
within the Solid Morphology module of Mercury software. It
quantifies the potential for hydrogen bond formation between
different functional groups in two dimensions.175 This tool can
be employed to assess the potential occurrence of a polymorphic
form, which successfully identified some cocrystal conformer
(CCF) of acetaminophen drug.176 Galek et al. employed CSD to
predict the potential CCFs of lamotrigine, ultimately identifying
the most favorable coformer.177

5.2. AI-Assisted Polymorph Prediction. Predicting
methods of pharmaceutical polymorphs are mainly based on
molecular mechanics and quantum chemistry calculations.175 In
the former method, all possible energetic crystal structures are
generated from the given molecular structure and ranked
according to the values of the calculated lattice energy. Themost
likely crystal form usually has the lowest lattice energy. In the

latter method, energy evaluation based on quantum mechanics,
for example, density functional theory (DFT) calculation, can be
directly used or trained in the force field of molecular mechanics
to optimize lattice energy.
At present, the more advanced CSP method mainly combines

DFT calculation with structure search algorithms such as
(quasi) random search, genetic algorithm, particle swarm
optimization, and differential evolution process.178 Due to the
high cost of calculation, it is challenging to accurately calculate
the lattice energy of a large number of crystal structures. The
main challenge lies in the large number of possible crystal
structures and their small energy differences.
Crystal Structure Prediction Method. The current main-

stream CSP method is based on (i) ab initio global optimization
with the first-principle calculations, (ii) ML technique that
accelerates and supports decision and clustering results in the
middle steps of the workflow, and (iii) template-based element
replacement.179 Figure 8 (a) outlines the steps of the CSP
workflow. Among them, the lattice energy diagram has high
requirements on the calculation methods, usually involving the
advanced quantum mechanical calculations of molecules and
crystals. However, these calculations are for a completely static
lattice, ignoring the influence of temperature.
In addition, polymorphic prediction is challenging due to the

existence of thermodynamically possible polymorphs, which
usually contain more structure than experimentally obtained
ones.32 Sun et al. conducted crystal structure prediction through
a procedure akin to the one delineated earlier.180 They
employed Monte Carlo and particle swarm global optimization
algorithms to generate crystal structures. This was underpinned
by a combination of SVM classifiers and neural network models.
Furthermore, they executed several iterations for relative free
energy calculations, following high-precision DFT-D calcula-
tions. This prediction method was successfully applied to the
stable polymorph prediction of oxabicyclidine AZD1305.
Furthermore, given the imperative to screen potential distinct

structures within a constrained energy range, a comprehensive
assessment of a substantial number of experimental structures
becomes requisite. In such context, the adoption of an efficient
maximum likelihood method for data analysis emerges as a
highly favorable and suitable choice. The maximum likelihood
method aims to optimize model parameters to maximize the
probability of observing the data. In this regard, Wengert et al.
developed amodel enabling the exploration of an extensive array
of candidate crystal structures. This model accurately captures
the subtle interactions between molecules, including hydrogen
bonding and many-body dispersion interactions.167 This
achievement was made possible by refining the physics-based
description of remote interactions using the density generalized

Figure 8. Workflow of cloud-computing-based CSP platform.
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tight binding (DFTB) level. The proposed workflow demon-
strates broad applicability across various molecular materials.
Optimization of the Algorithm�Reduction on the Cost of

Calculation. The exploration of structural candidates can be
significantly expanded through search algorithms and by
utilizing DFT-calculated energy as a metric for relative stability.
However, the structure search process necessitates DFT
calculations for numerous candidate structures, making it a
time-consuming endeavor.
To reduce the computational cost, cheng et al. introduced an

optimization algorithm and constructed an innovative model
combining the database, graph network (GN), and optimization
algorithm.178 Remarkably, its computational efficiency was
approximately 1000 times higher than that of traditional
methods for structure searching. The combination of the
parallelism of the optimization algorithm and the adaptive
capability of the neural network results in fast convergence
compared to traditional search algorithms, which is suitable for
such nonlinear and high-dimensional problems as polymorph
prediction. In particular, BO has a significant advantage in
tuning the hyperparameters of the neural network, which further
reduces the computational cost of model training. This flexible
framework, integrating material databases, graphical networks,
and optimization algorithms, paves the way for innovative data-
driven crystal structure prediction methods.
In contrast to the methods mentioned earlier, which heavily

depend on the iterative use of computationally intensive ab initio
calculations, Kusaba et al. highlighted a CSP approach that
incorporates metric learning of crystal structure similarity.181 In
this method, crystal structures are selected from an existing
database, and predicted by a constructed binary classifier to be
similar to stable structures corresponding to the given query
compositions. Notably, initial calculations from first principles
are necessary solely during the last stage, involving the local
optimization of the proposed structure, leading to a substantial
decrease in computational expenses. However, this technique
depends on the substitution of elements and is applicable only if
an appropriate template for substitution is accessible. As crystal
structure databases continue to expand, the utilization of
substitution-based CSP methods is expected to broaden in the
future.
5.3. Coformer Prediction of Cocrystals. A large number

of trial-and-error attempts are required to identify suitable
cocrystal formers, highlighting the urgent need for prediction
that can enhance the efficiency of cocrystal screening. Previous
studies on predicting cocrystal formation have encompassed
various computational methodologies, including molecular
complementarity (MC), electrostatic potential, COSMO-
RS,182 ML, molecular dynamics,183 and hydrogen bonding
propensity.175 The principles of the aforementioned approaches
primarily converge within the calculations of intermolecular
interactions, requiring extensive calculations for each new set of
potential coformer components and generating test structures.
AI algorithms can be used to generate predictive empirical

models from suitable data and to implement cocrystal screening.
Table 2 lists several successful cases of coformer predictions.
Przybylek et al. developed models based on simple categorical
regression and multiple adaptive regression splines (MARS-
plines) algorithms for cocrystal prediction of some amide API
molecules such as meloxicam, deferiprone, and chlorzoxazone)
with phenolic acid coformers.188Wicker et al. reported the use of
SVM to generate prediction models that can classify coformers
as successful or unsuccessful cocrystals using simple descriptors

of coformer molecules, successfully predicting several coformers
that can bind to paracetamol drug.176 Wang et al. developed a
ML model trained on all cocrystal records within CSD and
negative samples created by randomly pairing different
molecules into chemical pairs.166 Through experimental and
virtual cocrystal screenings of the drug captopril, two cocrystals
of captopril with L-proline and sarcosine were successfully
discovered.
Some of the above studies have made meaningful attempts at

cocrystal screening. However, the generalization ability of
current ML methods in independent test sets remains
unsatisfactory, only leading to the moderate prediction accuracy
of the test set, which should be related to their deficiencies in
data sets, descriptors, and models. In this regard, some of the
following works give more importance to features (i.e.,
descriptors) in their prediction studies.
Mswahili et al. extracted descriptor values from the SMILE of

compound simulations and found, in comparison with tradi-
tional ML approaches (RF, SVM), that ANNs exhibited optimal
accuracy, thus showcasing significant potential.189 Hao et al.
incorporated two space-charge descriptors into ML modeling.
They introduced two innovativeML algorithms: COSMO-SVM
and 3D CNN.190 Utilizing these prediction methods,
researchers successfully identified two previously unknown
coformers for the drug norfloxacin. In a separate study, the
introduction of the descriptors of pKa rule successfully predicted
the most likely coformers capable of forming cocrystals with
Pelubiprofen (PF), which exhibited significantly improved water
solubility and dissolution behaviors compared to PF alone.185

It is well-known that the independent testing ability or
generalization ability of a model is particularly important for ML
in practice, which represents the prediction ability of a model for
new samples in an unknown space. Indeed, enhancing the
independent testing capability of an ML model poses a
challenge.
Data-driven ML heavily depends on substantial volumes of

high-quality data. While the CSD provides a comprehensive
collection of cocrystal structures suitable for supporting DL, it
primarily comprises positive samples and lacks records of invalid
coformers (negative samples). Furthermore, characterizing the
feature representation of samples is essential for machine
learning models, especially when dealing with unbalanced data.
Limited and unbalanced sample data is a challenge for DL
applications and has been considered a difficult task.
Jiang et al. developed a highly accurate and comprehensive

cocrystal screening model, Cocrystal Graph Network
(CCGNet), based on the framework of graph neural networks,
encompassing three key aspects: data set, sample representation,
and model construction,191 which integrates feature comple-
mentation strategies to precisely forecast cocrystal formation

Table 2. Some Successful Prediction Methods of Cocrystal
Coformers

reference method API CCF

Przybylek184 regression amide phenolic acid
Wicker176 SVM paracetamol Phenazine
Galek177 HBP lamotrigine methylparaben
Kim185 ANN Pelubiprofen Isonicotinamide/

nicotinamide
Hao186 DCN Norfloxacin phenazine
Wang166 DNN Captopril L-proline/sarcosine
Jiang187 CCGNet pyrene 1,3,5-Trifluoro-2,4,6-

triiodobenzene
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(Figure 9). The prediction accuracy of the CCGNet model was
much better than seven commonly used ML models in the
prediction of four API cocrystal coformers, showing strong
robustness and generalization ability. For limited and unbal-
anced data, this model provides a possibility to explore the
application of DL in many fields lacking big data.

■ SUMMARY AND OUTLOOK
In recent years, the emergence of AI has provided a powerful
tool for rebuilding the paradigm of pharmaceutical crystal-
lization development.
AI algorithms are the foundation and the key for this paradigm

revolution. ML algorithms have been used to predict the
formation of crystalline materials; more profoundly, the use of
deep learning algorithms, particularly in computer vision, has
allowed for the accurate identification of crystals. The
combination of DL algorithms like Graph Neural Networks
with molecular mechanics or quantum chemistry calculations
has shown superiority in crystal structure prediction for
pharmaceutical polymorph development. Moreover, neural
network-based approaches can capture intricate feature relation-
ships and apply them to the analysis of both structural and
attribute data in pharmaceutical cocrystal coformer prediction.
Additionally, various ML algorithms were developed for
predicting physicochemical properties.
Besides, huge amounts of data produced by high throughput

platforms and automation provide the data basis for speeding up
AI applications. On the one hand, with the advent of computer
science, the availability of big data and various databases has
greatly promoted the development of AI. On the other hand, the
development of high throughput crystallization platforms
including microfluidic devices and microwell-based platforms,
catalyzed the generation of substantial data sets capable of
training various predictive models in pharmaceutical crystal-
lization. Moreover, the integration of automated crystallization
robots and in situ characterization techniques further accelerated

the process efficiency and data collection of pharmaceutical
crystallization development.
Overall, AI has revolutionized pharmaceutical crystallization

by offering efficient (prediction) algorithms for predicting and
screening pharmaceutical solid forms, as well as optimizing
crystallization conditions during drug discovery and develop-
ment processes. Albeit its prosperous future, artificial
intelligence in the applications of pharmaceutical crystallization
still faces several challenges:

(1) Instruments are fundamental to the application of AI in
pharmaceutical crystallization. Constructing and main-
taining commercial automated screen systems are still
challenges in many laboratories, due to their high-cost
equipment investment. Besides, the incompatibility of
high throughput platforms with in situ characterizing
techniques hinders the efficient screening of pharmaceut-
ical solid forms.

(2) Image analysis technology in pharmaceutical crystalliza-
tion needs to be extensively developed. Apart from crystal
identification andmultidimensional measurement, deeper
applications such as 3D crystal reconstruction need to be
developed through the computer version. Meanwhile, the
analysis of large-scale characterization data obtained from
spectroscopies and microscopies lags behind the rate at
which data is collected.

(3) The prediction of properties and polymorphs in drug
crystallization will be a long-standing challenge for
crystallography and computational chemistry. The
computational principles include, but are not limited to,
molecular dynamics, atomic mechanics, chemical bond-
ing structure parameters, quantitative structure−property
relationships, first principles based on density functional
theory, etc. The choice of empirical methods, selection,
and definition of parameters will fundamentally affect the
underlying logic and comprehensive performance of the
subsequent calculations. Correspondingly, the above

Figure 9. Overview of CCGNet cocrystal-screening framework and model performances on the independent test sets. Reproduced with permission
from ref 191. Copyright 2021 Springer Nature. (a) The flowchart of sample collection. Left: the collection of cocrystal positive samples. Right: the
collection of cocrystal negative samples. (b) Sample Representation. (c) The architecture of the CCGNet model. Green and pink denote the
calculation block at the message passing phase and the readout phase, respectively.
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empirical methods will use application-specific generated
descriptors as features, and the choice of descriptors is
mainly reflected in the number and dimensionality of
descriptors, the correlation between descriptors, which is
directly related to the prediction results, generalization
ability, and representation ability of the final model.
Currently, the development of enhanced and efficient
low-dimensional descriptors is still a direction of
endeavor.

(4) Machine learning algorithms have limitations on the size
and dimensionality of the data, and they are key factors in
determining the upper limit of machine learning perform-
ance. The quality and quantity of data directly affect the
machine learning algorithm’s ability to understand the
data and learn patterns. For the process of specific drug
crystal properties and crystal shape prediction, although
some open-source databases exist, data collection and
preprocessing are still a major problem, both to ensure
that a certain amount of random noise is added to increase
the data diversity and to achieve a certain degree of
regularity, and to prevent high-dimensional data from
causing a rise in the complexity of the model, leading to
model overfitting.

Addressing these challenges, much attention should be put
into these areas in the future. First, for exploring wide
crystallization parameter space, the development of the
automated high throughput screen is an important research
hotspot. Meanwhile, the high-throughput platform combined
with on-chip analysis technology needs to meet the demand for
in situ characterization of crystals. Second, the empirical
principles, data limitations, feature dimensions, model over-
fitting, and computational costs faced in the process of drug
crystal property prediction and crystal shape prediction should
be considered comprehensively. Data and features determine
the upper limit of machine learning performance, and the ability
to approach the upper limit can be improved through models
and algorithms, while facing the need to constantly avoid/
mitigate the occurrence of model overfitting through regulariza-
tion, cross-validation, feature dimensionality reduction, etc., and
comprehensively optimize to improve the model representation
and generalization ability. Lastly, ML models should rely on
exploring comprehensive sets of collected data for decision-
making, rather than relying solely on the intuition of skilled
experts. Based on the data sets acquired from an automated
high-throughput platform, ML models iteratively determine
their exploration of the crystallization parameter space, thus
developing a fully automated pharmaceutical crystallization
screening paradigm for ultimately realizing a self-driving
screening laboratory.
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