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Abstract: Crystallization plays a crucial role in defining the quality and functionality of products
across various industries, including pharmaceutical, food and beverage, and chemical manufacturing.
The process’s efficiency and outcome are significantly influenced by solute–solvent interactions, which
determine the crystalline product’s purity, size, and morphology. These attributes, in turn, impact the
product’s efficacy, safety, and consumer acceptance. Traditional methods of optimizing crystallization
conditions are often empirical, time-consuming, and less adaptable to complex chemical systems.
This research addresses these challenges by leveraging machine learning techniques to predict
and optimize solute–solvent interactions, thereby enhancing crystallization outcomes. This review
provides a novel approach to understanding and controlling crystallization processes by integrating
supervised, unsupervised, and reinforcement learning models. Machine learning not only improves
product the quality and manufacturing efficiency but also contributes to more sustainable industrial
practices by minimizing waste and energy consumption.

Keywords: crystallization; bioavailability; solute–solvent interactions; algorithm; supervised learning;
unsupervised learning; semi-supervised learning; reinforcement learning; ensemble methods

1. Introduction

Crystallization is a pivotal process in sectors such as pharmaceutical, food and bev-
erage, and chemical production, playing a critical role in defining the quality and charac-
teristics of a wide range of products. This process is fundamental in creating crystalline
products that span a diverse array of applications, including bulk chemicals like sodium
chloride and sucrose, essential in everyday life, and crucial agricultural fertilizers such as
ammonium nitrate [1], potassium chloride [2], ammonium phosphates [3] and urea [4]. In
the pharmaceutical industry, crystallization is vital for producing valuable products such as
active pharmaceutical ingredients [5] and organic fine chemicals [6], where the purity and
morphology of crystals can significantly impact drug efficacy and safety. The burgeoning
field of engineered nanoparticles and crystals for the electronics industry also relies heavily
on crystallization, integral in advancing technologies in areas like semi-conductors [7,8]
and battery production [9]. Additionally, biotechnology products, such as protein and
fat crystals, are gaining prominence due to their applications in drug design and medical
research [10,11]. The precise control of crystallization conditions—including temperature,
concentration, and pressure—allows these industries to enhance product quality, efficiency,
and cost-effectiveness. By manipulating the size, purity, and shape of the crystals formed,
industries can tailor materials to specific applications, thereby optimizing performance
and functionality [12]. This level of control is essential for meeting stringent regulatory
standards and consumer demands, particularly in sectors like pharmaceuticals and food
production [10]. Continuous innovation in this field is crucial for developing new materials
and improving existing products, thereby driving progress across various sectors [12].
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In the pharmaceutical industry, the crystallization process can affect the drug’s charac-
teristics, like its solubility and bioavailability (the proportion of a drug or other substance
that enters the circulation when introduced into the body and so can have an active ef-
fect) [13]. Thus, enhancing crystallization conditions can result in the creation of more
potent drugs. Similarly, in the food industry, crystallization is vital in the production of
items like sugar, chocolate, ice cream, and beverages. Improved crystallization conditions,
such as controlling the size of the ice crystals in ice cream, can enhance the texture, quality,
and flavor of these products [14]. Between 2021 and 2022, the United States produced
approximately 8.37 million metric tons of sugar [15]. Improved crystallization methods
could increase this number [16].

Furthermore, from an environmental standpoint, better crystallization can result in less
waste and decreased energy consumption [17], contributing to more sustainable industrial
practices by reducing unnecessary materials and energy needed to achieve desired crystal
properties. Therefore, progress in crystallization technology can have extensive implications
for global sustainability [18].

Machine learning to predict solute–solvent interactions:
Machine learning is a specialized branch of artificial intelligence (AI) that focuses

on the development of algorithms capable of learning from and making decisions or
predictions based on data. Unlike traditional rule-based programming, where explicit
instructions are provided for each task, machine learning algorithms “learn” from examples
or through interactions with their environment. The ultimate goal is to generalize from the
training data to unseen situations in a principled manner.

2. Machine Learning
2.1. Supervised Learning

Supervised learning is the most prevalent form of machine learning. In this paradigm,
an algorithm learns from labeled training data, making predictions or decisions based
on input data. The process is akin to a teacher-supervised learning environment. The
algorithm iteratively makes predictions on the training data and is corrected by the teacher,
allowing the model to learn over time [19].

Key concepts
Label: The output variable (y) we aim to predict. In a classification problem like

with emails, the label could be categories like “spam” or “not spam” [20]. In a regression
problem, it could be a continuous value like house price.

Features: These are the input variables (X) used for making predictions. Features
could range from simple univariate data to complex structured data like images, text, and
even video [21].

Loss function: This is a function that the algorithm aims to minimize during the
training process. The choice of loss function can significantly impact the performance of
the model. Common examples include the mean squared error (MSE) for regression tasks
and cross-entropy for classification [22].

Algorithms
Linear regression: This is one of the simplest algorithms used for predicting a continu-

ous outcome variable based on one or more predictor variables. The algorithm assumes
a linear relationship between the input variables and the single output variable. It can
be extended to multiple dimensions and is the basis for many other types of regression
analysis, such as logistic regression for classification tasks [23].

Support vector machines (SVMs): These are a more complex algorithm, highly effective
in high-dimensional spaces. They are primarily used for classification tasks but can be
adapted for regression. The algorithm works by finding the hyperplane that best divides a
dataset into classes [24].

Decision trees: These are versatile algorithms used for both classification and re-
gression tasks. They are particularly useful because of their ease of interpretation and
visualization. The algorithm makes decisions based on the feature values, breaking down
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a complex decision-making process into a series of simpler decisions, thereby forming a
tree [25].

2.2. Unsupervised Learning

Unsupervised learning is a type of machine learning where algorithms learn from
data without any labeled responses. The system tries to identify patterns and structures in
the data autonomously [26].

Key concepts
Clustering: This is the task of dividing the population or data points into several

groups based on the feature set. The algorithm tries to group data that are similar to each
other in some way [27].

Dimensionality reduction: This involves reducing the number of random variables
under consideration by obtaining a set of principal variables. It can be divided into feature
selection and feature extraction [28].

Algorithms
K-means: This is an algorithm used to find groups in the data, with the number of

groups represented by the variable K. The algorithm works iteratively to assign each data
point to one of the K centers [29].

Principal component analysis (PCA): This is a statistical procedure that uses an or-
thogonal transformation to convert correlated features into a set of linearly uncorrelated
features called principal components [30].

2.3. Semi-Supervised Learning

Semi-supervised learning is an intermediate between supervised learning and unsu-
pervised learning. In semi-supervised learning, the algorithm is trained on a dataset that
contains both labeled and unlabeled data. Generally, a small amount of data is labeled,
while a large amount of data is unlabeled [31].

Key concepts
Pseudo-labeling: This is a technique where we use a small amount of labeled data and

a large amount of unlabeled data to create an artificial dataset. The algorithm is initially
trained on the labeled data, and its predictions on the unlabeled data are used to add
additional training examples [32].

Algorithms
Label propagation: This algorithm uses the labeled data to label the unlabeled data

based on the similarity between the points. It assumes that if two data points are close to
each other in the feature space, they are likely to have similar labels [33].

2.4. Reinforcement Learning

Reinforcement learning is a type of machine learning where an agent learns how
to behave in an environment by performing actions and observing the rewards of those
actions. It is commonly used in areas like robotics, game-playing, and navigation [34].

Key concepts
Agent: This is the learner or decision-maker in the reinforcement learning model.
Environment: This is what the agent interacts with. The environment takes the agent’s

current state and action as the input and returns the agent’s reward and the next state as
the output.

Action (A): This is the set of all possible moves the agent can make.
State (S): This is the current situation returned by the environment.
Reward (R): A scalar value that the agent receives as feedback, which it tries to

maximize over time [35].
Algorithms
Q-learning: This is a model-free algorithm used for learning a policy, which tells

an agent which action to take under which circumstances. It defines a function Q(s, a),
representing the quality or the utility of taking action “a” in state “s” [36].
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Deep Q network (DQN): This is an extension of Q-learning that uses deep learning to
predict Q-values. It was used by DeepMind to train agents that could play a range of Atari
games to a superhuman level [37].

2.5. Ensemble Methods

Ensemble methods use multiple learning algorithms to obtain better predictive perfor-
mance than could be obtained from any of the constituent learning algorithms alone. They
are often used to improve the performance of weak learners [38].

Key concepts
Bootstrap aggregating (Bagging): This is used to reduce the variance of a decision

tree. Multiple subsets of the original dataset are created using bootstrapping, a model is
trained on each, and the models are averaged (for regression), or a majority vote is taken
(for classification).

Boosting: This is an iterative technique that adjusts the weight of an observation based
on the last classification. If an observation is classified incorrectly, it tries to increase the
weight of this observation [39].

Algorithms
Random forest: This is an ensemble of decision trees, generally trained with the

“bagging” method. It creates multiple decision trees during training and merges them to
obtain a more accurate and stable prediction.

AdaBoost: This is one of the most successful boosting algorithms for binary classifi-
cation problems. It works by weighing instances in the dataset by how easy or difficult
they are to classify, allowing the algorithm to pay more or less attention to them in the
construction of subsequent models [39].

3. Solute–Solvent Interactions
3.1. Introduction to Solute–Solvent Interactions

Solute–solvent interactions are the interactions that occur between the solute (the
substance being dissolved) and the solvent (the substance dissolving the solute). Solubility
is defined as the ability of a compound to be dissolved. These interactions can vary
significantly depending on the nature of the solute and solvent involved. For example,
polar solvents like water are good at dissolving polar solutes such as salts, while non-polar
solvents like oil are better suited for dissolving non-polar solutes like fats.

Solute–solvent interactions are influenced by a multitude of factors. Temperature, for
instance, plays a significant role in these interactions. An increase in temperature typically
increases the kinetic energy of molecules or particles, leading to increased movement and
interaction between the solute and solvent molecules. This often results in the increased
solubility of solids in liquids [40]. However, for gas molecules dissolved in liquids, an
increase in temperature often decreases the solubility, as the increased kinetic energy allows
the gas molecules to escape from the solution [40]. The temperature dependence of the
solubility is shown in Figure 1.

The pH of a solution can also affect solute–solvent interactions, especially for acidic or
basic solutes. Certain solutes may react with the solvent under acidic or basic conditions,
like calcium fluoride being more soluble in acidic conditions.

Another factor is concentration. At higher concentrations, solute ions are more likely to
interact with each other rather than the solvent, which can lead to precipitation or reduced
solubility. According to Henry’s Law, a higher molarity causes lower solubility. Pressure,
on the other hand, mainly affects the solubility of gases in liquids. According to Henry’s
law, the solubility of a gas in a liquid is directly proportional to the pressure of the gas
above the liquid, meaning that increasing the pressure increases the solubility of the gas.
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Inherent solubility, the solubility of a compound in its uncharged state, is another key
factor. The inherent solubility of a solute in a particular solvent will greatly affect their
interaction. Solubility is defined as the maximum amount of solute that can dissolve in a
solvent at a given temperature [40].

The nature of solute–solvent interactions is governed by various factors. These include
the polarity of the solute and solvent, their molecular size and shape, and the presence of
functional groups.

Machine learning can be used to predict these solute–solvent interactions. The first
step in this process is to gather a large dataset of known solute–solvent interactions. This
data can include information about the solute and solvent’s molecular structure, polarity,
size, and other relevant properties. It can also include data about the resulting interaction,
such as the solubility of the solute in the solvent [41]. This data can be found in scientific
databases, academic institutions, industry partnerships, government and regulatory bodies,
simulations and computations, data providers, and open data repositories. It can be
inputted as numerical data, categorical data, time-series data, or text.

Once the aforementioned data is gathered, it can be used to train a machine learning
model. Using machine learning, this model will learn to recognize patterns in the data
and make predictions based on these patterns. After the model is trained, using the 25:75
machine learning ratio, it can be used to predict solute–solvent interactions for new pairs of
solutes and solvents. For example, given a new solute and solvent, the model could predict
whether the solute would be soluble in the solvent and to what extent. These predictions
could be used to guide experiments and save time and resources in the laboratory [42].

Machine learning offers a powerful tool for predicting solute–solvent interactions. By
learning from datasets of known interactions, machine learning models can make accurate
predictions for new solute–solvent pairs.
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3.2. Solute–Solvent Interactions’ Effect on Crystallization Conditions

Crystallization is a fundamental process in various scientific fields, including chem-
istry, physics, and materials science. It is the process by which a solid forms, where the
atoms or molecules are highly organized into a structure known as a crystal. Solute–solvent
interactions play a significant role in determining the crystallization conditions. For in-
stance, the solute–solvent interactions can influence the solubility of the solute, the rate of
crystallization, purity, size, and shape of the crystals that form within a thermodynamic
context where factors such as enthalpy and entropy govern the process.

The solute–solvent interactions can affect the solubility of the solute. If the interactions
between the solute and solvent are strong, the more solute can be dissolved, and it may be
more difficult for the solute to separate from the solvent and form crystals.

The rate of crystallization is another factor that can be influenced by solute–solvent
interactions. If the interactions between the solute and solvent are strong, it may take
longer for the solute to separate from the solvent and form crystals. On the other hand, if
the interactions are weak, the solute may separate from the solvent more quickly, leading
to faster crystallization [43].

The size and shape of the crystals that form can also be affected by solute–solvent
interactions. For example, for salicylic acid, if the interactions between the solute and
solvent are strong, the crystals that form may be smaller and more irregular in shape.
Conversely, if the interactions are weak, the crystals may be larger and more regular in
shape [44].

The temperature and pressure conditions under which crystallization occurs can also
be influenced by solute–solvent interactions. For example, if the interactions between
the solute and solvent are strong, crystallization may occur at higher temperatures and
pressures. Conversely, if the interactions are weak, crystallization may occur at lower
temperatures and pressures.

3.3. Enthalpy

Enthalpy (H) is a thermodynamic quantity that encapsulates the total heat content of a
system. It is often conceptualized as the internal energy of the system. In chemical reactions,
the change in enthalpy (∆H) serves as a measure of the heat absorbed or released. An
exothermic reaction, characterized by ∆H < 0, releases heat into the surroundings, whereas
an endothermic reaction, with ∆H > 0, absorbs heat [45].

3.4. Entropy

Entropy (S), on the other hand, is a measure of the disorder or randomness of a system.
In a sense, it quantifies the number of microscopic configurations corresponding to a
macroscopic state. An increase in entropy (∆S > 0) typically signifies a transition towards a
more disordered state, while a decrease (∆S < 0) indicates a move towards orderliness [46].

3.5. Gibbs Free Energy

The concept of Gibbs free energy (G) serves as a vital thermodynamic metric that
amalgamates the contributions of both enthalpy (H) and entropy (S) to contribute to an un-
derstanding of solute–solvent interactions. Defined by the equation G = H − T × S, where
T is the absolute temperature, Gibbs free energy provides a criterion for the spontane-
ity of a process, including precipitation and dissolution. A negative change in Gibbs
free energy (∆G) is indicative of a spontaneous process, while a positive ∆G suggests
non-spontaneity [47].

In the context of solute–solvent interactions, both enthalpic and entropic factors
coalesce to dictate the overall ∆G. For instance, a dissolution process with a favorable
enthalpy change (∆H < 0) and an increase in entropy (∆S > 0) would most likely result
in a negative ∆G, thereby facilitating spontaneity. Conversely, an endothermic enthalpy
change (∆H > 0) coupled with a decrease in entropy (∆S < 0) would elevate ∆G, making
the process non-spontaneous under standard conditions [47].
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It is crucial to note that temperature plays a pivotal role in modulating the contribu-
tions of enthalpy and entropy to ∆G. At elevated temperatures, the entropic term T × ∆S
may dominate, rendering a process spontaneous even if it is endothermic. Conversely,
at lower temperatures, the enthalpic term ∆H may prevail, making an entropically un-
favorable process spontaneous. Understanding the nuanced interplay between enthalpy
and entropy through the lens of Gibbs free energy is key to understanding solute–solvent
interactions [47].

Gibbs free energy for solvation has been predicted using machine learning with rel-
atively high accuracy. Recent improvements in this field come from the use of neural
networks, which are uses of machine learning that resemble human intelligence [41,48].
The advantage of using machine learning to find Gibbs free energy for solvation comes
from the wide array of possibilities that come out of this topic. There are a vast number of
solutes, solvents, and, therefore, combinations of the two. So, by way of machine learning,
this complex problem can be simplified using algorithms that have the aforementioned rel-
atively high accuracy. This predicted Gibbs free energy can be used as an input for machine
learning and lead to a more accurate prediction of optimal crystallization conditions.

In addition to these factors, solute–solvent interactions can also affect the purity of the
crystals that form. Take, for example, salicylic acid. If the interactions between the solute
and solvent are strong, the solvent may be more likely to become incorporated into the
crystal structure, leading to impure crystals. On the other hand, if the interactions are weak,
the solvent may be less likely to become incorporated into the crystal structure, leading to
purer crystals [49].

Solute–solvent interactions play a crucial role in determining the conditions under
which crystallization occurs. Understanding these interactions can help scientists optimize
the crystallization process, leading to the formation of high-quality crystals. This can be
important in many fields [49].

Impact
Understanding and optimizing solute–solvent interactions and their effect on crys-

tallization conditions can have a profound impact on various industries. For instance, in
the pharmaceutical industry, the ability to control crystallization conditions can lead to
the production of drugs with improved properties. By controlling the size and shape of
the crystals, pharmaceutical companies can influence the drug’s dissolution rate, which in
turn can affect the drug’s bioavailability. This means that the drug can be more effectively
absorbed by the body, improving therapeutic effects.

In the chemical manufacturing industry, the ability to control crystallization condi-
tions can lead to improved product purity and yield. By optimizing the solute–solvent
interactions, manufacturers can control the rate of crystallization, which can influence the
size and purity of the crystals. This can lead to a more efficient manufacturing process,
reducing waste and lowering production costs [49].

In the food and beverage industry, controlling crystallization conditions can improve
the texture and taste of products. For example, in the production of ice cream, controlling
the size of ice crystals can influence the smoothness and creaminess of the final prod-
uct. Similarly, in the production of confectionery items like chocolate and hard candies,
controlling crystallization can influence the product’s hardness, glossiness, and melting
properties [50].

In the field of materials science, understanding solute–solvent interactions and their
effect on crystallization can lead to the development of new materials with unique proper-
ties. For example, in the production of semi-conductors, controlling the size and shape of
crystals can influence the material’s electrical and optical properties. This can lead to the
development of more efficient electronic devices [51].

In conclusion, understanding and optimizing solute–solvent interactions and their
effect on crystallization conditions can have a profound impact on various industries. By
controlling these interactions, industries can improve product quality, enhance efficiency,
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reduce costs, and even develop new materials with unique properties. Therefore, research
in this area is of great importance and can lead to significant advancements in various fields.

4. Analysis

The effectiveness of using machine learning methods in the field of crystallization is
evident. As shown in Table 1, a multitude of machine learning techniques are viable for
predicting solute–solvent interactions and improving crystallization. These include super-
vised learning, unsupervised learning, semi-supervised learning, reinforcement learning,
and ensemble methods. They can be applied in many ways as well, with a broad range of
uses. Methods can be used to predict properties [52] and tailor to specific properties such
as chirality [53], ultimately saving time [54] and costs [55]. Figure 2 shows how machine
learning can be used to improve crystallization for an example compound, compound x.

Table 1. Types of machine learning and insights into their applications to crystallization.

Type of Machine Learning Overview Past Uses Applications

Supervised learning

In supervised learning, the
algorithm is trained on a
labeled dataset, which means
each training example is
paired with an output label.
For predicting solute–solvent
interactions, a dataset could
be created where the features
include various properties of
the solute and solvent (e.g.,
polarity, molecular weight,
etc.), and the label could be
the type or strength of the
interaction (e.g., hydrogen
bonding, van der Waals forces,
etc.). Algorithms like linear
regression or support vector
machines (SVMs) could be
employed to predict these
interactions.

Pharmaceuticals: supervised
learning has been extensively
used in drug discovery and
development. Algorithms like
SVMs have helped in predicting
the bioactivity of compounds
based on their chemical
properties, which is analogous
to predicting solute–solvent
interactions [56].
Material science: linear
regression and other supervised
techniques have been used to
predict material properties, such
as tensile strength or thermal
conductivity, based on their
molecular composition [57].

Once the model is trained to
predict solute–solvent
interactions, it can be applied
to optimize crystallization
processes in various
industries. For example, in
pharmaceuticals, knowing
how a particular solute
interacts with potential
solvents can help in creating
crystals with desired
properties like solubility and
bioavailability.

Unsupervised learning

Unsupervised learning
algorithms work with datasets
without labeled responses.
Clustering techniques like
K-means could be used to
group different types of
solute–solvent interactions
based on their properties.

Chemical engineering:
unsupervised learning,
especially clustering, has been
employed to understand
complex chemical processes.
For example, clustering has
been used to categorize
different catalysts based on their
performance characteristics [58].
Environmental science:
clustering techniques have been
used to analyze and group
pollutants in water sources,
providing insights similar to
those for solute–solvent
interactions [59].

The clusters can reveal hidden
patterns in how different
solutes and solvents interact,
which can be invaluable for
improving crystallization
methods. For instance, solutes
prone to forming undesired
crystal structures might be
clustered together, allowing
for targeted optimization.
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Table 1. Cont.

Type of Machine Learning Overview Past Uses Applications

Semi-supervised learning

In semi-supervised learning,
the algorithm is trained on a
dataset that contains both
labeled and unlabeled data.
This approach is particularly
useful when acquiring a fully
labeled dataset is expensive or
time-consuming.

Biotechnology:
semi-supervised learning has
been used in genomic
sequencing, where only a part
of the genetic data is labeled.
This parallels predicting
solute–solvent interactions in
cases where only partial
information is available [60].

Sensor data analysis: in
manufacturing,
semi-supervised learning has
been applied to sensor data
where only some data points are
labeled, aiding in predictive
maintenance [61].

A semi-supervised model
could be trained on a partially
labeled dataset to predict
solute–solvent interactions.
The model could then be used
to predict the interactions in a
crystallization process,
allowing for adjustments in
real time to achieve the
desired crystal properties.

Reinforcement learning

Reinforcement learning
involves agents who take
actions in an environment to
achieve a goal. In the context
of solute–solvent interactions,
the agent could be
programmed to find the
optimal conditions for a
desired type of interaction,
receiving rewards based on
the quality of the crystals
formed.

Robotics: reinforcement
learning has been pivotal in
robotics for tasks like object
manipulation and navigation,
which require adaptive learning
similar to optimizing
crystallization conditions [62].
Energy management: In smart
grids, reinforcement learning
has been used to optimize
energy distribution and
consumption, a concept that can
be applied to managing
crystallization processes [63].

Reinforcement learning could
be used to dynamically adjust
conditions like temperature,
pressure, and concentration
during the crystallization
process to achieve optimal
crystal properties, thereby
saving costs and improving
efficiency.

Ensemble methods

Ensemble methods combine
multiple algorithms to
improve performance. For
example, a random forest
algorithm could be used to
predict solute–solvent
interactions by leveraging the
strengths of multiple decision
trees.

Financial forecasting: ensemble
methods, particularly random
forests, have been used in stock
market prediction, dealing with
complex patterns much like
those in predicting
solute–solvent interactions [64]
Weather prediction: the use of
ensemble methods in weather
forecasting models
demonstrates their effectiveness
in handling complex systems
with many variables, akin to
crystallization processes [65].

Ensemble methods can
provide more robust and
accurate predictions, which is
crucial for processes like
crystallization, where small
changes can have significant
impacts. By accurately
predicting solute–solvent
interactions, the
crystallization process can be
optimized for better yield and
quality.
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