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ABSTRACT

Polymorph screening plays a crucial role in pharmaceutical development, influencing the solubility, stability, and
bioavailability of active pharmaceutical ingredients (APIs). Traditional screening methods are time-consuming, labor-intensive,
and often yield unpredictable results. Recent advancements in artificial intelligence (Al), machine learning (ML), and
computational modeling such as molecular dynamics (MD) and density functional theory (DFT) have revolutionized this process,
enabling faster and more accurate predictions of polymorphs, solvates, hydrates, cocrystals, and salts. The integration of Al-
driven and computational models in polymorph screening is examined in this paper, with an emphasis on their potential
applications in predicting the stability of amorphous solids, solubility of APIs, and the solvates, hydrates and cocrystals for the
drug development. We also discussed how thermodynamic viability of solvate and hydrate formation and desolvation kinetics
can be analyzed using computational techniques. Al and ML provides increase polymorph screening's success rate, which will
impact the drug polymorphs selection for the manufacturing and regulatory compliance. The most recent advancements,
challenges, and contemporary approaches in the use of AI/ML, MD and DFT in solid-state drug development are the main topics
of this review.

Keywords- Intelligence, Computational polymorph screening, Experimental Polymorph screening, Machine learning,
Molecular dynamics.

l. INTRODUCTION reformulated because the less soluble polymorph

affected bioavailability [2]. While a stable polymorph

Po|ymorphism in the pharmaceutica| industry ensures a |Onger shelf life and different pOlymOfphS may

denotes the ab|||ty of an active pharmaceutica| differ in their resistance to environmental elements
ingredients (APIs), to exist in many crystalline forms. including light, humidity, and temperature, degradation
These polymorphic forms can significantly affect APIs in an unstable form may compromise the drug's efficacy
solubility, stability, manufacturability, and regulatory and safety. [3]. Thus, selecting the most stable
compliance [1]. The solubility and dissolution rates of polymorph is essential to maintaining the drug's efficacy.
drugs in polymorphic forms differ, which directly affects Similarly, variations in the crystal packing,
bioavailability. Specifically, the metastable polymorphs hardness, and compressibility of polymorphic APIs
are generally more soluble than their stable counterparts. affect their mechanical properties, which in turn affect
In the case of the antiviral drug Ritonavir, the metastable their pharmaceutical production processes, such as tablet
polymorph progressively transformed into a more stable formation, compaction, and powder flowability [4].
polymorph during storage; hence, the drug was Optimizing polymorph selection ensures efficient
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manufacturing and consistent drug product quality. In
order to ensure batch-to-batch consistency and drug
efficacy, regulatory agencies such as the European
Medicines Agency (EMA) and the U.S. Food and
Medicine Administration (FDA) require thorough
characterization of polymorphs, including X-ray
diffraction (XRD), differential scanning calorimetry
(DSC), and infrared spectroscopy (IR) techniques [5]. To
comply with regulations and gain market acceptance, it
is crucial to maintain control over polymorph selection
and manufacturing since post-approval changes in
polymorphic form may result in regulatory barriers that
require additional research to demonstrate stability and
bioequivalence.

1. POLYMORPH SCREENING

Polymorph screening is a process to identify
and characterize all the different crystalline forms of a
compound, with the goal of selecting the most suitable
polymorph for drug development. The discovery of
polymorphs for ritonavir [6] and carbamazepine [7]
highlighted the importance of careful screening
procedures, which include identifying the
thermodynamically most stable form, having the right
ability to be compressed and flow well for easier
manufacturing, and ensuring the selected polymorph
doesn't change in ways that could compromise its
therapeutic efficacy [8-17].

I11.  EXPERIMENTAL POLYMORPH
SCREENING

Combinations of theoretical and experimental
approaches are used in practice to obtain stable
polymorphs for manufacturing (Figure 1). These
techniques look at the many screening techniques used
in polymorph screening, including as crystallization,
computer modeling, solid-state characterization, and
stability studies.

3.1 Crystallization Techniques

Crystallization is a widely used screening
mechanism that involves altering the crystallization
conditions to obtain different polymorphs [18]. The
following screening methods employed in the
polymorph screening.
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Figure 1: Summary of experiments and
characterization in polymorph screening

A common way to do initial screening is the
slow or rapid solvent evaporation, where the API is
mixed with a solvent and then allowed to evaporate
either slowly or quickly, leading to the formation of
different crystal forms. In the cooling crystallization
experiments,  crystallization is accelerated by
progressively lowering the solubility of a supersaturated
solution. The resulting polymorph is significantly
influenced by the chosen solvent and rate of cooling.
Anti-Solvent Crystallization was carried out by reducing
the solubility of the API by adding an anti-solvent,
which caused different polymorphs to precipitate.
Similar to this, vapor diffusion involves subjecting a
solution to controlled humidity or solvent vapors, which
over time can cause polymorphic changes. These
crystallization techniques provides different polymorphs
of a drug molecule, which can then be characterized and
evaluated further.

3.2 Solid-State Characterization Techniques

The structural and physicochemical
characteristics of the polymorphs are determined
analytically using the following characterization
techniques. X-ray powder diffraction (XRPD) and
Single-Crystal X-ray Diffraction (SCXRD) are valuable
tools for identifying and characterizing polymorphism
due to its ability to differentiate between crystal
structures based on their unique diffraction patterns.
DSC can be used to determine the stability of
polymorphs and the transition temperatures by
examining the changes in heat flow during phase
transitions. Thermogravimetric Analysis (TGA) is a
technique that is useful for identifying solvates and
hydrates that lose solvent molecules at specific
temperatures. Similar to the PXRD, polymorphs can be
easily identified using IR and Raman spectroscopy. Even
when XRPD patterns look alike, small differences in the
arrangement of molecules in different crystalline forms
can be spotted using solid-state nuclear magnetic
resonance (SSNMR).

3.3 Stability and Transformation Studies

To determine its resilience in different
conditions, several stress tests are conducted.
Researchers use slurry conversion experiments in
different solvents to track the changes between
polymorphs and select the most stable form. The long-
term stability of the polymorph is determined by
exposing it to different humidity and temperature
conditions. Polymorphic transitions can be brought on
by compression, grinding, and milling. Evaluating these
conditions ensures the stability of the selected
polymorph during the formulation and manufacturing.
These studies aid in determining which polymorph is
most suitable for manufacturing and obtaining regulatory
approval.
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IV. COMPUTATIONAL POLYMORPH
SCREENING

Historically,  polymorph  screening  has
depended on extensive experimental techniques like
crystallization and solid-state characterization. These
techniques are resource- and time-intensive and often
fall short of identifying all possible polymorphic forms.
Recently, computational methods have become powerful
tools for speeding up polymorph screening [19],
enabling extremely precise polymorph, solubility, and
stability predictions. Our study examines the ways in
which several computational methods, like machine
learning (ML) models, quantum mechanical techniques,
molecular dynamics (MD) simulations, and crystal
structure prediction (CSP)[20-34], improve the success
rate of polymorph screening.

4.1 In Silico Techniques for Polymorph Screening:

Understanding the stability and transition paths
of polymorphs under various environmental conditions,
such as temperature, pressure, and humidity, can be
accomplished with the help of Monte Carlo (MC) and
MD simulations. A typical MD and MC simulation
procedure is shown in Figure 3. MD simulations monitor
atomic movements throughout time, allowing for the
prediction of polymorph interconversion and solubility
behavior [35]. Monte Carlo methods, on the other hand,
employ statistical sampling to determine the most likely
crystal arrangements. These simulations have been
useful in  forecasting phase transitions and
hydration/dehydration processes in medicinal molecules.

Molecular Input
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structures)
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Figure 2: Workflow for CSP
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Figure 3: Workflow for Molecular Dynamics and Monte
Carlo Simulations

Quantum Mechanics and DFT: Quantum
mechanical approaches, particularly DFT, enable precise
computations of intermolecular interactions, electron
density distribution, and lattice energies in polymorphic
systems [36]. Figure 4 illustrates a typical workflow for
the DFT approach. Unlike the empirical force fields
employed in MD simulations, DFT gives a first-
principles approach to determining polymorph stability.
It helps forecast how hydrogen bonding, n-n stacking,
and van der Waals interactions affect crystal packing.
Researchers can gain a more comprehensive
understanding of polymorphic landscapes by combining
DFT, CSP, and MD techniques.

Polymorph screening has been transformed by
significant advances in Al and ML. Figure 5 illustrates a
typical workflow for an ML model. ML models trained
on experimental and computational datasets may predict
polymorph formation using chemical descriptors,
crystallization conditions, and solvent parameters [37].
Potential polymorphs were classified and ranked using
neural networks, support vector machines (SVM), and
random forest techniques (RF). Al-powered screening
technologies not only speed up medication discovery but
also minimize the need for costly and time-consuming
experimental trials.

Input Molecule Structure
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Energy Calculations (DFT or higher level)
Calculate single-point energies of optimized structures
using accurate QM methods (e.g., wB97X-D/def2-TZVP)

v

Ranking Conformers by Energy
Identify and sort conformers based on relative energies

v
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Select structures within a defined energy window (e.g., <5
kcal/mol)

Figure 4: Workflow for Predicting Low-Energy
Conformers using Quantum Mechanics and DFT
Methods

One of the most difficult issues in polymorph
screening is forecasting the solubility and stability of
various crystal forms [38]. Computational approaches
such as molecular docking, COSMO-RS (Conductor-like
Screening Model for Real Solvents), and hybrid Al
models can be used to estimate API solubility in
different solvents and pH buffers. These predictions are
critical in determining the most appropriate polymorphic
form for formulation development. Furthermore, in
silico techniques help evaluate the stability of
amorphous solids and guide the design of amorphous
solid dispersions (ASDs) to enhance medication
bioavailability.

Computational approaches have been used
successfully in salt and co-crystal screening, in addition
to classical polymorph screening [39]. Salt production
can improve API solubility and stability, but determining
the correct counter ion is difficult. By analyzing ion-pair
interactions, in-silico methods like molecular docking
and quantum mechanical computations can anticipate
advantageous salt combinations. Similarly, co-crystal
screening uses molecular recognition algorithms to find
candidate coformers that boost therapeutic efficacy.
Furthermore, hydrate and solvate prediction models
evaluate the possibility of water or solvent integration
into the crystal lattice, ensuring that the most stable form
is selected for medication development.

Several pharmaceutical companies have
successfully discovered polymorphs by incorporating
computational techniques into their drug development
pipelines. For instance, CSP has proven crucial in
forecasting olanzapine polymorphs [40], while Al-
powered solubility models have improved formulations
for medications that are not very soluble. Because they
understand the importance of computational data,
regulatory bodies are promoting the use of in silico
techniques to assist with patent applications and
formulation choices.
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4
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Figure 5: Workflow for Machine Learning Models
for Polymorph Screening

4.2 In Silico Applications in Solubility Prediction:

When it comes to the development,
formulation, and bioavailability of APIs, solubility is a
crucial  physicochemical characteristic. In  drug
discovery, poor solubility is a major obstacle that can
result in clinical development failures. In silico methods,
such as quantum mechanics, molecular modeling, Al and
ML [41], have transformed solubility prediction, cutting
down on experimental expenses and speeding up
medication development. The developments in computer
methods for predicting solubility are covered in this
mini-review along with their consequences for
pharmaceutical sciences.

Molecular  descriptors and  quantitative
structure-property relationship (QSPR) models create
correlations  between molecular descriptors and
solubility. Molecular weight, hydrogen bonding
capacity, lipophilicity, and polar surface area are all
examples of descriptors [42]. SVM [43], RF [44, 45],
and deep learning models [46, 47] are three machine
learning algorithms that increase QSPR accuracy by
learning complicated patterns from big datasets.

Simulations for MD shed light on solute-
solvent interactions, hydration free energy, and solubility
trends. MD assists in predicting solubility differences
across pH ranges and temperatures by mimicking
molecular behavior in various solvents [48]. Advanced
MD methods, such as enhanced sampling strategies,
improve solubility estimates even further [49].

AI/ML models use massive chemical datasets
to forecast solubility trends. Deep learning architectures,
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such as convolutional neural networks (CNNs) [50] and
graph neural networks (GNNs) [51], extract molecular
information from chemical structures to improve
prediction accuracy. Transfer learning and generative
models aid in the discovery of novel drug-like
compounds with high solubility.

DFT and quantum mechanics computations
reveal information about electronic structure, charge
distribution, and hydrogen bonding interactions that
influence  solubility [52]. Quantum  mechanical
approaches predict solubility in diverse solvents by
estimating Gibbs free energy changes during solvation.
The COSMO-RS predicts solubility in various solvents
using quantum chemistry and statistical thermodynamics
[53]. It computes activity coefficients and phase
equilibria, which aids in solvent selection and
formulation optimization.

Applications in Pharmaceutical Sciences: Formulating
and choosing excipients for APIs is made easier by the
ability to predict solubility in different solvents. In silico
methods can be used to identify stable polymorphs and
hydrates. The selection of coformers and counterions to
enhance solubility in salt and cocrystal design is aided
by computational screening. Making predictions about
pH-dependent solubility aids in the formation of
prodrugs and salts.

4.3 In Silico Applications in Amorphous Solid Forms:

Amorphous solid forms (ASFs) are commonly
employed in the pharmaceutical industry to improve the
solubility and bioavailability of medicines that are
poorly water-soluble [54]. ASFs, unlike crystalline
forms, lack long-range molecular organization, making
stability and dissolving qualities difficult to predict. In
silico methods, such as molecular modeling [55],
machine learning (ML) [56], and quantum chemistry,
have considerably improved our understanding and
prediction of ASFs. This mini-review focuses on
computational techniques used for predicting amorphous
forms, assessing stability, and designing formulations.

MD simulations can offer atomistic information
about molecule packing, intermolecular interactions, and
glass transition temperature (Tg) estimation. Advanced
MD techniques, such as coarse-grained modeling and
increased sampling methods, aid in predicting the
physical stability of ASFs over time [57].

Al/ML algorithms use extensive datasets to
forecast the possibility of a molecule becoming an
amorphous solid. Deep learning and support vector
machine (SVM) models help forecast glass-forming
capability, recrystallization tendencies, and formulation
stability. ML can also be used to optimize polymer
selection for ASDs [58].

DFT calculations help us comprehend the
molecular energetics, hydrogen bonding, and structural
flexibility that drive amorphization. Quantum physics
predicts the feasibility of ASF production by comparing
the energy differences between crystalline and
amorphous forms [59]. Tg is an important characteristic

for amorphous drug stability. Tg is estimated using in
silico methods such as group contribution models and
hybrid Al-based approaches, which consider molecular
structure, hydrogen bonding strength, and molecular
weight.

Application in Pharmaceutical Science: Amorphous
Drug Development: Predicting APl Amorphization for
Increased Solubility. Formulation Development: Al-
powered screening of polymers and excipients for ASDs.
Stability Prediction: MD and ML models can predict
physical stability and recrystallization problems.
Bioavailability Enhancement: Optimizing ASFs for
improved dissolution profiles.

4.4 In Silico Applications in Solvate and Hydrate
Screening:

Solvates and hydrates are significant in
pharmaceutical development because they influence the
solubility, stability, and bioavailability of APIs.
Traditional experimental methods for solvate and
hydrate synthesis are laborious and time-consuming. In
silico techniques such as molecular modeling, quantum
mechanics, ML, and Al have emerged as useful tools for
expediting and optimizing solvate and hydrate screening
[60-70]. This mini-review examines the most recent
computational developments in predicting solvate and
hydrate formation, as well as the implications for
pharmaceutical research and development. Solvates and
hydrates are solid APIs with solvent or water molecules
in their crystal structure. These solvates and hydrates can
drastically change the physicochemical characteristics of
APIs, requiring careful screening during pharmaceutical
development. Computational methods have changed this
process by predicting the formation of solvates and
hydrates, lowering the need for experiments, and
increasing efficiency.MD simulations, which offer
insights into lattice stability and molecular interactions,
are used to model how APIs behave in various solvent
environments. MD makes it easier to comprehend
solvation kinetics, desolvation mechanisms, and hydrate
and solvate stability in wvarious environments. The
thermodynamic viability of solvate and hydrate
formation is predicted using quantum mechanical
techniques, such as DFT [72-74]. To identify the most
stable solid form, these calculations offer helpful
information on lattice energies, binding energies, and
intermolecular forces. It is becoming more common to
use Al and ML models to predict solvate and hydrate
production based on extensive data. Based on chemical
structures, crystallographic data, and thermodynamic
considerations, these models provide precise predictions
[75-81]. Two supervised learning methods that have
shown potential in accurately identifying solvates and
hydrates are neural networks and support vector
machines. Forecasting the likelihood of solvate
production based on solvent-API interactions is known
as computational solvent screening. Solvents are ranked
according to their compatibility with APIs utilizing
techniques like molecular docking and COSMO-RS
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[82]. Computational techniques can be used to estimate
desolvation kinetics, which provides insight into how
solvates or hydrates change into anhydrous forms.
Comprehending these systems facilitates formulating
techniques that yield stable pharmaceuticals [83].
Predictive models help choose the right solvent for
crystallization, preventing undesirable solvates that
could impair the effectiveness of medications. By
computationally screening many solvents, researchers
can optimize crystallization parameters for the desired
solid form [84].

4.5 In Silico Applications in Polymorph Selection:

A key element of pharmaceutical research is
polymorph selection because different crystal forms of
an APl might exhibit distinct physical, chemical, and
biological characteristics. Using conventional
experimental methods for polymorph screening takes a
lot of time and money. In silico techniques like energy
reduction, ML, and computer modeling have emerged as
efficient alternatives to accelerate and optimize
polymorph selection. This mini-review highlights the
latest computational methods for using Al-driven rapid
screening procedures, grading polymorph stability,
simulating mechanical and dissolving properties, and
forecasting polymorphic transitions [85—89].

The ability of a material to crystallize in several
structural forms, each with its own stability, solubility,
and bioavailability, is known as polymorphism. To
guarantee consistent medication performance, the most
thermodynamically and Kinetically stable polymorph
must be found. By forecasting stability, transformation
conditions, and formulation behavior, computational
techniques are essential for simplifying polymorph
selection [90-94].

The relative stability of various polymorphic
forms is determined wusing energy minimization
approaches, such as DFT and molecular mechanics.
Computational models can rank polymorphs and
determine the best stable crystalline form by evaluating
lattice energy, hydrogen bonding, and intermolecular
interactions.

Molecular simulations and thermodynamic models are
used to predict phase transitions between polymorphs
under a range of temperature and pressure conditions.
Solid-state ~ stability  control is enhanced by
computational methods such as MD and metadynamics,
which enable the identification of polymorphic
transformation routes. For formulation development, in
silico simulations provide important insights into
mechanical  properties such as compressibility,
tabletability, and hardness. Dissolution modeling can be
used to select the best medication candidates for
increasing bioavailability and predict solubility behavior
across a wide range of polymorphic forms.Machine
learning  techniques utilize large amounts of
thermodynamic and crystallographic data to predict the
polymorphism tendencies of APIs. Algorithms like
neural networks and SVMs greatly lower the need for

experimental testing by identifying patterns in molecular
structures and  accurately  predicting  potential
polymorphs.

The time and expense of experimental polymorph
screening are decreased by in silico polymorph
screening. Through the use of data-driven methods for
finding stable polymorphs, the predicted accuracy is
increased. This approach enables the documentation and
assessment of risks for regulatory filings. By focusing on
the most promising polymorph candidates, guided
experimental design helps prioritize experimental
screening efforts.

Challenges and Future Directions:

Despite substantial advances, computational
polymorph screening still faces numerous hurdles.
Current CSP approaches are limited in computing cost
and force field precision, resulting in occasional
differences between predicted and experimental
structures. Machine learning models rely on big, high-
quality datasets for training, which are not always
available. Furthermore, polymorph stability is affected
by Kinetic parameters that are difficult to estimate just
using thermodynamic calculations. Future research
should prioritize enhancing Al algorithms, creating
hybrid computational-experimental procedures, and
incorporating real-time experimental feedback into
prediction models.

V. CONCLUSION

Polymorphism is critical in pharmaceutical
development, affecting medication solubility, stability,
manufacturability, and regulatory  acceptance.
Understanding and regulating polymorphic forms
ensures optimal medication performance, patient safety,
and global regulatory compliance. Computational in
silico technologies have revolutionized polymorph
screening by making it possible to predict crystal shapes,
solubility, and stability more quickly and economically.
CSP, MD, DFT, and machine learning are all effective
approaches for selecting the most stable polymorphs
prior to experimental validation. As computational
capabilities improve, combining Al-driven models with
experimental methodologies will increase the efficiency
and accuracy of polymorph screening. The
pharmaceutical sector can speed up drug discovery, save
prices, and enhance the formulation of life-saving
pharmaceuticals by implementing these in silico
technologies.
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